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ABSTRACT

Machine learning (ML) systems are increasingly becoming integrated components of human
decision making, but many models are developed without considering the sociotechnical context
in which they will operate—i.e. how will they be used by humans to solve specific tasks. This mis-
match between the development procedure that does not explicitly consider human context, and
these models’ eventual use by humans, often causes their performance to fall short of expectations
(e.g.*"**). However optimizing a system to perform well in a specific sociotechnical context re-
quires formalizing the human part of that context in ways that permit optimization. One common
approach to this problem is to mathematically specific a proxy function for the desired human prop-
erty that can be easily optimized and evaluated at scale. An intermediary approach between requir-
ing the user to specify their human property at each point where it is needed, and approximating
this property by hand-specifying a proxy function is to Jearn a proxy function based on querying
a user to evaluate the implicit human function defined by the property at a small number of key
points. In this thesis, we formalize an optimization framework that describes this category of ap-
proaches; lay out human and machine related desiderata to consider when formalizing a particular
instance of a problem under this framework; and present and discuss 3 methods that instantiate this

framework to solve different problems in human-ML collaboration.
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Introduction

Machine learning (ML) systems are increasingly becoming integrated components of human de-
cision making, including in the domains of healthcare and self-driving cars. But many models are
developed without considering the sociotechnical context in which they will operate—i.e. how will
they be used by humans to solve specific tasks. This mis-match between the development procedure
that does not explicitly consider human context, and these models’ eventual use by humans, often

causes their performance to fall short of expectations (e.g. **). Explicitly optimizing these systems



to perform well in these sociotechnical contexts may help to address this mis-match and increase
their performance.

However optimizing a system to perform well in a specific sociotechnical context requires formal-
izing the human part of that context in ways that permit optimization. For example, if the user of
a machine learning system requires that system to be “interpretable,” they may be able to recognize
whether a specific instantiation of a machine learning system has that property. However turning
this property into something that can be used to optimize a machine learning model is not trivial.
For example, in order to use gradient descent to optimize this property, it would need to be specified
as a differentiable function that can be evaluated for every instance in the training set at every itera-
tion of gradient descent. Having a user directly specify this human property would be challenging
because of both the requirement for differentiability, and the scale at which the property must be
evaluated.

One common approach to this problem is to mathematically specific a proxy function for the
desired human property that can be easily optimized and evaluated at scale. Examples include neural
network sparsity *+7*, decision tree shallowness *°, integer regression coefficients°°, and decision rule
overlap *? among others. Under this approach, the formalization of this “I’ll know it when I see it”
type of interpretability would involve specifying a mathematical function that captures this loosely
defined property as well as possible. For example, it could be (and has been *?) formalized as the
feature sparsity of a logistic regression model. In that case, “interpretability” can be optimized for
by adding an I-1 penalty term to the standard logistic regression loss. Formalizing human properties
in this way allows them to be straightforwardly integrated into standard approaches to training ML
models.

However, this approach to formalizing human properties works best when it is possible to easily
identify a function with “nice” properties (e.g. differentiability) that is a good match for the func-

tion implictly defined by the human property. This is often not the case we are operating in, and as



such, this strategy may result in optimizing effectively for properties that poorly capture the human
context in which these models will be used (e.g. optimizing models to make good predictions when
clinicians want to use them to communicate with patients®). In our running example, formaliz-
ing “interpretability” as “feature sparsity” will cause the optimization to procedure to ignore other
potentially impactful aspects of a good explanation such as causality >*.

An intermediary approach between requiring the user to specify their human property at each
point where it is needed, and approximating this property by hand-specifying a proxy function is
to learn a proxy function based on querying a user to evaluate the implicit human function defined
by the property at a small number of key points. This leverages the ML toolkit to generate a learned
proxy function that can be incorporated into existing machine learning frameworks analogously
to the hand-specified proxy functions discussed above, but that also more effectively captures the
intended human property.

In this thesis, we consider a collection of methods that approach optimizing machine learn-
ing systems to operate in sociotechnical contexts by Jearning mathematical functions of im-
portant human properties from well-chosen queries to the user.. Approaching the problem in
this way allows us to manage the tradeoft between querying the user too many times to evaluate the
human property, and formalizing a human property fully by hand in a process that may miss im-
portant aspects of the property. Our first contribution is to formally define this framework in
Section 2.1.

However many human properties exist, spanning a range of types of human inputs to ML sys-
tems, that can formalized under this framework. The methods we discuss in this thesis span the
interpretability of a specified model (Chapter 3); the intuitiveness of associations between features
and concepts (Chapter 4); and human context that augments each test instance (Chapter s), but
there are many others, some of which may lead to the development of eftective methods and some

of which may not. Properties may not be well suited to this framework for a variety of reasons: they



may be difficult to people to accurately externalize; they may be difficult to model using the avail-
able feature space; and they may not help us solve the desired task. Because of this, choosing a good
human property to formalize so as to achieve the desired goal is challenging.

How can we approach the problem of finding human properties that are useful? Our second
contribution is to characterize a set of “checks” for a given human property to determine how
well suited it is to optimizing for sociotechnical context using our framework. These consist
of two parallel sets of human-centric and machine-centric checks that allow us to evaluate how well
suited this property is to both solving the original problem, and to the style of method that this
framework encompasses. We describe these checks in more detail in Section 2.2.

These checks allow us to evaluate the suitability of a human property for use under this frame-
work, however running these checks is generally expensive as most require either a user study, or the
development of a method instantiating this framework for the particular human property. While
these steps are necessary to fully evaluate the quality of a proposed method, we would like to make
informed choices about methods and corresponding human properties to evaluate that are likely
to perform well. Our third contribution is to provide a “template” for choosing promising
properties to develop methods around based on the idea of performing these checks in phases
using human proxy functions.. We describe this template in Section 2..3.2.

To ground this discussion, our fourth contribution is to describe 3 methods that instantiate
this framework for a particular choice of human property, as well as to outline how these
checks and the template are used to arrive at and evaluate these methods in iterative steps.. In
each of these methods chapters, we first describe and evaluate the system, then conclude with a short
section describing how the method and its evaluation fit into our framework.

The first method focuses on a missing human “interpretability” property that we formalize as
how well a user can use a given model to complete a specific task. The method works by simulta-

neously optimizing the model parameters to be predictive, and learning a proxy function for in-



terpretability based on asking the user to complete the specified task for a small number of model
parameters. The second method focuses on the missing human “intuitiveness” property in the con-
text of concept-based models, where concepts must be both predictive and meaningfully defined to
the user to be useful for downstream decision-making tasks. In this method, we ask the user directly
for their evaluations of the intuitiveness function for carefully chosen pairs of concepts an features.
In the third method, we focus on the missing human property of “human features” that are not
available to the machine learning model at test time, but that can be elicited from the user for a small
number of features in the human feature set. The method works by carefully choosing the features
for each instance to elicit from the user based on a model of the human features, and a measure of
how knowing their value will impact the model’s predictions.

The remainder of this thesis is structured as follows. Chapter 2 describes our proposed frame-
work; set of human and machine “checks” to evaluate a method under our framework; and our
“template” to guide development of new methods under this framework. Chapters 3, 4, 5 describe
three distinct methods that instantiate this framework, using different types of human input to
solve different tasks. Finally, Chapter 6 summarizes our findings, and describes avenues for relevant

future work.



A Framework for Designing Methods with

Learned Human Proxy Functions

In this chapter, we: 1) Formalize the general optimization framework we are working under; 2) Lay
out human and machine related desiderata to consider when formalizing a particular instance of a
problem under this framework; 3) Describe an approach that can be used as a “template” to develop

methods under this framework that work well for both human and machine desiderata.



2.1 FRAMEWORK DESCRIPTION

The framework we outline assumes the existence of a “human-property” that is needed for some
aspect of the machine learning process to operate as desired. These properties can span a range of as-
pects of model training and deployment, however in all cases, we assume that querying a human for
the relevant property every time it is needed during the optimization is cost prohibitive. Instead, we
query one or multiple humans to evaluate the property at several key points, then use those “labels”
for the human function to fit a learned proxy function to approximate the human property. We first
describe how we define the implict human function, then how we approximate it, and finally how

we optimize for the set of queries.

2.1.1 DEFINING THE HUMAN FUNCTION

We assume a generic prediction problem with a dataset D,y consisting of observations X and labels
y.Le. Dy = {X,y}. These are the standard inputs to a supervised machine learning problem,
and our goal is the same—to solve this prediction problem well- i.e. to maximize objective(y, y) for
some predicted labels y generated by a machine learning system.

As this is a standard machine learning problem, we can solve it using standard methods to gen-
erate a “machine-only” solution that we denote y3s = M(X). However, the key novelty in this
framework comes from the existence of an auxiliary human-property that can be leveraged by a ma-
chine learning system to increase performance on the task. We define an auxiliary component of the
dataset, D, that consists of set of features, @ and an unobserved set of human function outputs »
that implicitly define the human property. Le. Dy = {@, b}. Importantly, the function space of
this human function is not required to be the same as the function space of the original prediction
problem.

The full dataset, D, then consists of D = {Dys, Dy} = {X,y, ¢, b}. However only {X, y, o}



are observed—/ can only be obtained by asking a user to evaluate their implicit human property ata
specific instance @, and each evaluation comes at a cost ¢ as it requires human cognitive effort. Based
on this, we can define a “Machine+Human” solution that leverages the human property to better
solve the original task: yary iy = M+ H(X, b). It is uncomputable without observing b, however we
define it so as to discuss approximations in later sections.

Finally, we can solve the prediction problem with a “human-only” solution that we denote yy; =

H(X, b), which consists of a user solving the problem directly without ML assistance.

2.1.2 APPROXIMATING THE HuMAN FUNCTION

As b is unobserved, it cannot be used by a machine learning system without first observing it. While
observing 4 at all points where it is needed is not feasible, we can observe it in key instances by ask-
ing a user to give us /; at a specific point 7. We can then approximate the full set of outputs b as

h ~ Z4(@) by learning it from those key observations, and using the learned proxy b where it

is needed during optimization and use of the system. Formally, ¢ is an auxiliary machine learning
model that can be evaluated across the function space at low cost. The dependence of g on ¢ denotes
its dependence on a small set of queries of the true value of » made explicit by the subscript g.

Based on this approximation of b, we can compute an approximate solution of the M + H type

as M+ H(X, b) = M+ H(X,g,(p)).

2.1.3 SELECTING THE QUERY SET

However as the explicit dependence of the approximation g, (#)) on the query set 4 denotes, differ-
ent sets of queries will produce approximate solutions of different quality. As such, the ability to
produce a good query set computationally, which we denote as g5y, is at the core of the methods we

study under this framework.



While each of the methods we describe solve for this query set in different ways, conceptually, the

objective they all seek to optimize is:
g3 = argmin objective(y, M + H(X, b)) — objective(y, M + H(X, g,(2))) (2.1)
9

In other words, we aim to computationally find the set of queries of human function values that
allows us to learn an approximation of the human function that solves the original task as well as
possible.
We assume that using the true function 4 is an upper bound on how well we can do-i.e. objective(y, M+
H(X,h)) > objective(y, M + H(X, g,(p)).
Since we assume objective(A + H(X, y, b)) is uncomputable as the full / is too expensive to

tully query, we can instead optimize:

g = arg max objective(M + H(X, y,g,(9))) (2.2)
q

2.2 SANITY CHECKS FOR METHODS UNDER THIS FRAMEWORK

While this framework spans a large range of possible methods based on different choices of the hu-
man property to model, not all of these are equally well-suited to solving the original problem. We
specify two key sets of human and machine questions to use when evaluating the particular instanti-
ation of the human property ». These can be used to guide the development and evaluation of new
methods. We then describe how these questions can be applied across 3 stages of method develop-
ment. Finally, we describe a two-phase approach to using these questions during method develop-
ment that addresses the cost of answering each of these questions, and the dependence between the

two sets of questions.



KEYy PERFORMANCE CHECKS

Two parallel sets of human and machine questions or “checks” can be used to evaluate the quality of

a particular method instantiating this framework based on a specific human property.

Human CHECKS

* HQr: How much effort is it to give this type of information?. Le., how large is ¢ for a
particular method? This framework is only necessary if ¢ has an intermediate value where it is

feasible to evaluate b at some, but not all, inputs.

* HQ2: How accurately can users give this type of information? The more variance there
is in the outputs 4, the more costly evaluations we will need to do to approximate » well at a

particular input.

* HQ3: How well can the user figure out what stuff to give feedback on? IL.e., how good
is objective(y, M + H(X, gz, (9)))? If the user can select a set of inputs at which to query
b that let us approximate it well, the computational methods to choose 4,7 developed under

this framework are not necessary.

* HQ4: Can the user just solve the problem without the machine assistance? I.e. how
good is objective(H(X, @, b))? If the user can solve the original task well, we may not gain

utility from developing a method that leverages human and ML insights.

MacHINE CHECKS

* MQi: How informative is »? Le. how good is objective(y, M + H(X, b))? If the human
property does not have much utility for solving the original task, it may not be worthwhile to

model.
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* MQ2: How well can we computationally model this information? Le. how good is the
approximation g, (@) =~ h? If we cannot model / well using @, or it takes too many queries

evaluating / to learn it well, the approximation may be too poor to be useful.
8 pPp y p

* MQ3: How well can the model figure out what stuff for the user to give feedback on?
Le. how good is objective(y, M + H(X, g;,,(¢)))? If we can computationally choose a
query set that helps us approximate » well enough to solve the original task, this method may

be useful.

* MQ4: How well can the model solve the problem without the human feedback? I.e.
how good is objective(y, M(X))? If the ML system is solving the task well without human

input, incorporating # may not be necessary.

2.3 A “TEMPLATE FOR DEVELOPING METHODS UNDER THIS FRAMEWORK
3

2.3.1 STAGES OF METHOD DEVELOPMENT

These questions or “checks” can be answered during 3 stages of method development: Defining
a prediction problem where human and ML insights are complementary; defining a useful 5, and

developing a method that optimizes a useful query set g.

DEFINING A PREDICTION PROBLEM WHERE ML AND HUMAN INSIGHTS ARE COMPLEMENTARY.
. The first stage of developing a method under this framework is to validate whether the task of
interest actually requires combining human and ML insights to get a good solution. In many cases,
either an expert user (HQ4) or an ML system (MQ4) alone may be able to proficiently solve a task
and we may not gain much from formally combining their insights. Importantly, neither of these

questions are explicitly dependent on the quality of the proposed method (either a specific » or g),
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so they can be evaluated before method development to test the relevance of this style of approach

to a general problem setting.

DEFINING A USEFUL HUMAN PROPERTY h. . The second stage is to clearly articulate what the
missing human property is that would allow us to improve the performance of the ML system. This
involves both determining where in the process of training and deploying the ML system human
insight will be impactful, and then clearly defining a task or question that can be posed to the user
to implicitly define the human functions 4. The human questions related to defining / address the
cost (HQr) and quality (HQ2) of the human responses when queried for the human property. The
machine questions related to » address how well knowing 4 helps the system solve the original task

(MQ1), and how well we are able to computationally approximate / given the feature space available

to us (MQ2).

DEVELOPING A METHOD TO GENERATE USEFUL QUERY SETS ¢. . The last stage of development
relates to the quality of the proposed method which optimizes a query set ¢ designed to learn a good
approximation of 4 using as little human effort as possible. The machine question related to this
(MQ3) asks how well the proposed method can define a set of queries that efficiently produce good
approximations of the human function 4. The human question related to this (HQ3) asks how well
a user is able to define their own analogous query set to compared to the proposed method. The
relative performance of these 2 approaches dictates whether it is, in fact, useful to computationally

optimize a set of queries to the user to determine .

2.3.2 DEVELOPING WITH HUMAN PROXIES

While there are distinct stages of method development where each of these checks is applicable,

there are two additional challenges that influence when and how to evaluate these questions: 1) the
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two sets of questions are dependent on each other, and 2) both are costly to evaluate. The human
components of these questions generally rely on expensive user studies, while the machine compo-
nents rely on the development of a reasonable method for approximating 5. Many of these criteria
are also relative. For example, in HQ3 and MQ3, we are interested in the relative ability of a human
to choose an effective set of queries compared to a reasonable and implementable ML approach.

As such, one can approach developing methods under this framework by focusing on one set of
questions first, and simplifying the other set. However this may result in methods that are heavily
optimized for either the machine or human part, and not for the other. In an extreme case, one
might end up finding the optimal human property according to the human questions, however
it may not be useful when evaluated against the machine questions, or vice versa. What we want
instead is a method that works well enough for both sets of properties.

The three methods we discuss in this thesis address this challenge by considering these questions
in two phases. The first phase uses hand-defined computational proxies of the human property in-
stead of a ground truth / queried from users, and the second phase consists of running users studies
to evaluate the human questions with that ground truth 4. This two phase approach lets us thor-
oughly test methods as we are developing them without worrying about cost, and only run the
expensive user study-based checks once we have a reasonable method that performs well on an ap-
proximation of the human-focused questions. However in practice, we do not yet have results for
the second phase for two of the methods described in this thesis. We discuss this tradeoff in Chap-

ter 6

PHASE 1: TESTING WITH PROXIES FOR THE HUMAN PROPERTY. This framework allows us to
learn computational proxies of human properties from human data because in many cases, hand-
derived proxies may be insufficient for achieving a particular goal, or they may be impossible to gen-

eralize to new domains. However, these hand derived proxies can still be a reasonable approximation
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of what a human function might look like. We leverage this insight by testing our method against
these hand-derived proxies during development to see if we can learn these reasonable approxima-

tions of human functions and if they are useful for solving the task.

PHASE 2: TESTING WITH REAL HUMAN INPUT.  While phase 1 allows us to approximate the an-
swers to the questions that require human input during development, we eventually want to test the
method against real human data. In phase 2, we refine our answers to questions involving human
components with human data acquired through user studies. This two phase approach allows us

to run this expensive step of evaluating with users for methods that appear promising in reasonable

approximations to the relevant checks based on proxies for human input.

2.3.3 RELATED WORK

The framework we study in this thesis is one way to approach the problem of developing machine
learning systems that work well with humans to accomplish tasks. Other approaches to this include
hand-defining proxies for human properties; and developing crowdsourcing techniques for more
efficiently acquiring large amounts of human feedback. Examples of this first approach include
operationalizing interpretability as the depth of a decision tree >, the number of integer regression
coeflicients*°, or the amount of overlap between decision rules®?. These approaches require a proxy
that effectively captures the intended human property accurately, which are challenging to define.
Examples of the second approach include Chang et al. ?, which presents a crowdsourcing approach

1. 38 that

to handling disagreement between labelers on ambiguous labels, and and Tran-Thanh et a
focuses on algorithmically distributing interdependent subtasks among crowdworkers to reduce
labeling cost. These approaches focus on distributing the evaluation of complex human functions

among many workers in efficient ways. In contrast, the framework we study uses machine learning

to extrapolate a complex human function from a few evaluations which keeps the human cost low,
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while still learning from human responses.

Several existing approaches can be described under this framework. Active learning approaches
(see Settles 7 for an overview), where the goal is to label a small set of instances to learn a highly
predictive model can be seen as a case where the labels are the human function, the set of instances
to label is the query set, and the goal is to label the held-out test points as accurately as possible.
Approaches for learning human kernels through comparisons like Tamuz et al. ** can be viewed
through this lens where the goal is to learn how humans view things as similar, the similarity eval-
uations of pairs of inputs are the function output, and choice of which pairs to evaluate creates
the query set. While the methods we study are closely related to these, the framework we propose
provides structure for defining new types of human functions that appear at various places in the
ML system-beyond labels or instance similarity; designing methods around them; and evaluating
whether they are appropriate for developing methods that for human-ML collaboration.

Other frameworks for thinking about how to develop ML systems that work well with humans
to accomplish a task exist, particularly in the space of interpretability. Notably, Doshi-Velez &
Kim ™ present a task focused view of interpretability where it must be evaluated through the per-
formance of users on some defined task using the model. They include 3 types of user evaluation:
proxy evaluation, user evaluation with proxy tasks, and user evaluation with real tasks. Chen et al. '
proposes a step in the evaluation of explanations that relies on evaluation with proxy users. This is
similar to the approach that we discuss in the context of human functions specifically tied to inter-
pretability. While we follow a similar approach to these two works in the template recommenda-
tion, we focus more broadly on how to develop systems with learned human proxy functions for a

wide variety of human-ML collaborations.
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2.4 CONCLUSION AND FUTURE WORK

In this thesis, we develop a framework for optimizing ML systems to operate in specific sociotechni-
cal contexts based on learning useful proxy functions of important human properties. Our contri-
butions include a formal description of the framework, a set of guidelines for developing methods
under this framework, and three case studies of methods that instantiate this framework for differ-
ent choices of human properties. Under this framework, we can develop methods for optimizing
ML systems to operate within specific sociotechnical contexts.

However, there are many avenues for future work in this direction. We focus on two main as-
pects in this discussion: 1) broadening the set of considerations in the “checks” we propose; 2) other

“template” approaches for balancing the cost of evaluating the “checks”.

BROADENING CRITERIA FOR SUCCESS.  The checks we provide to evaluate methods focus on
performance, but there are other important aspects of decision-making like fairness and human
agency. For example, in Chapter 3, the human function evaluation requires users to answer ques-
tions that are tedious and not transparently related to the model parameters limiting the agency the
user has in this process. In contrast, in Chapter 4, the human function evaluation allows users to
give direct feedback on the model parameters in a transparent learning process. While this gives the
user more agency over the optimization, this is not formalized in the “checks” we propose.

Future work could expand the checks to include other dimensions of human-ML interactions
when considering the success of a particular problem formulation. This could help prioritize the
development of methods that not only produce accurate decisions, but also consider qualitative

aspects of how users interact with the system.

CONSIDERING OTHER TEMPLATE APPROACHES.  The “template” we describe provides one way

to approach the two problems of the expense of evaluating many of the checks, and the dependence
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of the human and machine checks. However there are other possible approaches which may have
distinct advantages and disadvantages. Our approach focuses on spending the method development
cost before the user evaluation cost by developing methods with human proxies. However this has
the disadvantage that one could develop methods that work for proxy human functions, but not the
real thing. In Chapter 3, we developed a method without considering the noisiness of the human
function. When we evaluated the method with users, we found that the variance of the function
estimates were higher than expected because of this. While the method works anyways, and would
simply require the collection of more data to reduce the variance, this may not always be the case.

One could alternatively approach the problem with the opposite strategy by first running user
studies to evaluate the human properties, then using those results in development. In this case, it
would be useful to have a way of guessing whether a specific human property would lend itself to
method development in an analogous way to how we use human proxies to guess whether a method
will work with human input. Which of these approaches is more appropriate for developing meth-
ods under this framework, and in which contexts, is an open question.

In summary, methods that learn an approximation to important, missing human properties can
be used to optimize ML systems to operate in sociotechnical contexts without the cost of constantly
querying users for the property. In at least some contexts, they also improve over hand-specified
proxies that are not learned using human-property data. We present a framework for formalizing

methods of this type, and guidelines for developing new methods under this framework.
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Method 1: Optimizing for the Human

Interpretability Function

In this chapter, we use our framework to solve the problem of optimizing ML models to be inter-

pretable, which is challenging because interpretability is a fundamentally human function.
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3.1 INTRODUCTION

Interpretability is an important property that can help people discover confounders in their train-
ing data, and dangerous associations or new scientific insights learned by their models ®*>3. But
interpretability depends on both the subjective experience of human users and the downstream
application, which makes it difficult to incorporate into computational learning methods.

A variety of approaches to producing interpretable models exist, including limiting models to
certain function classes that have been defined as inherently interpretable (e.g. decision trees*°,
generalized additive models®, decision sets??), and optimizing models in more expressive function
classes with an interpretability term in the loss function (e.g. sparsity in linear models®s, montone
functions?, ability to be explained by a decision tree*°). We focus on the second approach as it al-
lows us to explore more expressive function classes, however it requires us to define an interpretabil-
ity term that can be used in a loss function to train machine learning models.

While the examples we cite are able to do this by optimizing for properties like sparsity, mono-
tonicity and the ability to be explained by decision trees, these properties do not necessarily capture
interpretability, as it is a fundamentally human property tied to the ability of a user to perform a
task with a model *®. We approach this by learning a human interpretability function over the class
of models based on a few well chosen evaluations of the interpretability function.

As evaluating the human interpretability function for a specific model has a high cost—requiring
a user study—we develop a cost-effective approach that initially identifies predictive models, then
uses model-based optimization to identify an approximate Bayesian MAP solution from that set
with few queries to the human interpretability function.

Under our framework, the human interpretability function gives us 4, its function space is the
space of models A, with feature space ¢ based on the model’s explanation coefficients; and the ob-

jective is to maximize the posterior where the interpretability function defines the prior, and the
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likelihood is a function of the model’s predictiveness. We define this in more detail in Section 3.3.
We choose the query set ¢ of models at which to obtain » using model-based optimization, and ex-
trapolate the interpretability function to unqueried models using a Gaussian process.

In our results, we find that different proxies for interpretability prefer different models, and that
our approach can optimize all of these proxies. Our human subjects results suggest that we can opti-

mize for human-interpretability preferences.

3.2 RELATED WORK

LEARNING INTERPRETABLE MODELS WITH PROXIES ~Many approaches to learning interpretable
models optimize proxies that can be computed directly from the model. Examples include deci-
sion tree depth *°, number of integer regression coefficients °°, amount of overlap between decision
rules*?, and different kinds of sparsity penalties in neural networks*#7*. In some cases, optimizing
a proxy can be viewed as MAP estimation under an interpretability-encouraging prior**. These
proxy-based approaches assume that it is possible to formulate a notion of interpretability that is a
computational property of the model, and that we know a priori what that property is. Lavrac*'
shows a case where doctors prefer longer decision trees over shorter ones, which suggests that these
proxies do not fully capture what it means for a model to be interpretable in all contexts. Through
our approach, we place an interpretability-encouraging prior on arbitrary classes of models that

depends directly on human preferences.

LEARNING FROM HUMAN FEEDBACK  Since interpretability is difficult to quantify mathemati-

cally, Doshi-Velez & Kim 18 argue that evaluating it well requires a user study. Many works in inter-
pretable machine learning have user studies: some advance the science of interpretability by testing
the effect of explanation factors on human performance on interpretability-related tasks®*5* while

others compare the interpretability of two classes of models through A/B tests*?**. More broadly,
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there exist many studies about situations in which human preferences are hard to articulate as a
computational property and must be learned directly from human data. Examples include kernel
learning83’94, preference based reinforcement learning®>*# and human based genetic algorithms 36,
Our work resembles human computation algorithms*5 applied to user studies for interpretability as
we use the user studies to optimize for interpretability instead of just comparing a model to a base-

line.

MODEL-BASED OPTIMIZATION  Many techniques have been developed to efficiently characterize
functions in few evaluations when each evaluation is expensive. The field of Bayesian experimen-
tal design® optimizes which experiments to perform according to a notion of which information
matters. In some cases, the intent is to characterize the entire function space completely *>+, and

in other cases, the intent is to find an optimum ®**°. We are interested in this second case. Snoek

et al. ®® optimize the hyperparameters of a neural network in a problem setup similar to ours. For
them, evaluating the likelihood is expensive because it requires training a network, while in our case,
evaluating the prior is expensive because it requires a user study. We use a similar set of techniques

since, in both cases, evaluating the posterior is expensive.

3.3 FRAMEWORK AND MODELING CONSIDERATIONS

In many cases, the optimization of a property can be viewed as placing a prior over models and solv-

ing for a MAP solution of the following form:

Ar}le%p(X!M)p(M) (3.1)

where M is a family of models, X is the data, p(X|1) is the likelihood, and p(A1) is a prior on the

model that encourages it to share some aspect of our inductive biases. Two examples of biases in-
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Figure 3.1: High-level overview of the pipeline

clude the interpretation of the L1 penalty on logistic regression as a Laplace prior on the weights
and the class of norms described in Bach # that induce various kinds of structured sparsity. Gen-
erally, if we have a functional form for p(A1), we can apply a variety of optimization techniques to
find the MAP solution.

Our high-level goal, then, is to find a model A1 that maximizes p(M|X) o p(X|M)p(M) where
p(M) is a measure of human interpretability. We assume that computation is relatively inexpen-
sive, and thus computing and optimizing with respect to the likelihood p(X|A1) is significantly less
expensive than evaluating the prior p(M), which requires a user study. Our strategy will be to first
identify a large, diverse collection of models A1 with large likelihood p(X]| A1), that is, models that
explain the data well. This task can be completed without user studies. Next, we will search amongst
these models to identify those that also have large prior p(M). Specifically, to limit the number of
user studies required, we will use a model-based optimization approach®’ to identify which mod-
els M to evaluate. Figure 3.1 depicts the steps in the pipeline. Below, we outline how we define the
likelihood p(X| A1) and the prior p(M); in Section 3.4 we define our process for approximate MAP

inference.

3.3.1 LIKELIHOOD

In many domains, experts desire a model that achieves some performance threshold (and amongst

those, may prefer one that is most interpretable). To model this notion of a performance threshold,
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we use the soft insensitive loss function (SILF)-based likelihood '5>3". The likelihood takes the form

of
P(X‘M) = le(fcxSILFs,ﬁ(I*aCCUracy(X,M)))
Z

where accuracy(X,M) is the accuracy of model M on data X and SILF, 4(y) is given by

0, 0<y<(1—§)e

SILF.p(y) = § =089 (1 p)e <y < (14 p)e

y—¢ 7= (1+p)e

which effectively defines a model as having high likelihood if its accuracy is greater than1 — (1 —
B)e.

In practice, we choose the threshold 1 — (1 — £)e to be equal to an accuracy threshold placed on
the validation performance of our classification tasks, and only consider models that perform above
that threshold. (Note that with this formulation, accuracy can be replaced with any domain specific

notion of a high-quality model without modifying our approach.)

3.3.2 A PRIOR FOR INTERPRETABLE MODELS

Some model classes are generally amenable to human inspection (e.g. decision trees, rule lists, de-
cision sets *>?%; unlike neural networks), but within those model classes, there likely still exist some
models that are easier for humans to utilize than others (e.g. shorter decision trees rather than longer

ones’", or decision sets with fewer overlaps??). We want our model prior p(AM) to reflect this more

nuanced view of interpretability.

23



We consider a prior of the form:

P ox [ as(, Ap(a)ds (32)
In our experiments, we will define HIS(x, /) (human-interpretability-score) as:

0, mean-RT(x, M) > max-RT
HIS (x, M) = (3.3)

max-RT — mean-RT(x, M), mean-RT(x, M) < max-RT

where mean-RT(x, M) (mean response time) measures how long it takes users to predict the la-

bel assigned to a data point x by the model A4, and max-RT is a cap on response time that is set to a
large enough value to catch all legitimate points and exclude outliers. The choice of measuring the
time it takes to predict the model’s label follows Doshi-Velez & Kim 8 which suggests this simula-
tion proxy as a measure of interpretability when no downstream task has been defined yet; but any
domain-specific task and metric could be substituted into our pipeline including error detection or

cooperative decision-making.

3.3.3 A PRIOR FOR ARBITRARY MODELS

In the interpretable model case, we can give a human subject a model A1 and ask them questions
about it; in the general case, models may be too complex for this approach to be feasible. In order
to determine the interpretability of complex models like neural networks, we follow the approach
in Ribeiro et al. ®*, and construct a simple oca/ model for each point x by sampling perturbations
of x and training a simple model to mimic the predictions of M in this local region. We denote this
local-proxy(M, x).

We change the prior in Equation 3.2 to reflect that we evaluate the HIS with the local proxy rather
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than the entire model:

p(M) x /HIS(x, local-proxy (M, x))p(x)dx (3.4)

We describe computational considerations for this more complex situation in Section 3.4.

3.4 INFERENCE

Our goal is to find the MAP solution from Equation 3.1. Our overall approach will be to find a
collection of models with high likelihood p(X|41) and then perform model-based optimization® to
identify which priors p(M) to evaluate via user studies. Below, we describe each of the three main
aspects of the inference: identifying models with large likelihoods p(X[A1), evaluating p(M) via
user studies, and using model-based optimization to determine which p(A1) to evaluate. The model

from our set with the best p(X|M)p(M) is our approximation to the MAP solution.

3.4.1 IDENTIFYING MODELS WITH HIGH LIKELIHOOD p(X|M)

In the model-finding phase, our goal is to create a diverse set of models with large likelihoods p(X]1)
in the hopes that some will have large prior value p(A1) and thus allow us to identify the approxi-
mate MAP solution. For simpler model classes, such as decision trees, we find these solutions via
running multiple restarts with different hyperparameter settings and rejecting those that do not

meet our accuracy threshold. For neural networks, we jointly optimize a collection of predictive
neural networks with different input gradient patterns (as a proxy for creating a diverse collec-

tion)73,
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3.4.2 COMPUTING THE PRIOR p(M)

Human-Interpretable Model Classes. For any model A1 and data point x, a user study is required
for every evaluation of HIS(x, M). Since it is infeasible to perform a user study for every value of x

for even a single model M, we approximate the integral in Equation 3.2 via a collection of samples:

pM) HIS (x, M)p(x)dx

Q

2= S—

> HIS(x,, M)
Xnrep()
In practice, we use the empirical distribution over the inputs x as the prior p(x).

Arbitrary Model Classes. If the model A1 is not itself human-interpretable, we define p(AM1)
to be the integral over HIS(x, local-proxy (A, x)) where local-proxy (A, x) locally approxi-
mates M around x (Equation 3.4). As before, evaluating HIS(x, local-proxy (A, x)) requires a
user study; however, now we must determine a procedure for generating the local approximations
local-proxy(M, x).

We generate these local approximations via a procedure akin to Ribeiro et al. ®: for any x, we
sample a set of perturbations " around x, compute the outputs of model M for each of those x’, and
then fit a human-interpretable model (e.g. a decision-tree) to those data.

We note that these local models will only be nontrivial if the data point x is in the vicinity of a
decision boundary; if not, we will not succeed in fitting a local model. Let B(A1) denote the set
of inputs x that are near the decision boundary of M. Since we defined HIS to equal max-RT when
mean-RT(x, M) is 0 as it does when no local model can be fit (see Equation 3.3), we can compute the

integral in Equation 3.4 more intelligently by only seeking user input for samples near the model’s
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decision boundary:

oc/ (x, Local-proxy (M, x))p(x)dx (3-5)
/ ) </ HIS(x, 1ocal—proxy(M,x))15(x)dx>
xEB(M)
( > - max-RT

Z I(x € B(M > (N > HIS(x,L,M)>

%, ~p() Xnrvp()

|
(s

+<N’ Z I(x ¢ B(M )))-max—RT

%, ~p()

where p(x) )/ [eninn B x)dx. The first term (the volume of p(x) in B(M)), and the third
term (the volume of p(x) notin B(M )) can be approximated without any user studies by attempting
to fit local models for each point in x (or a subsample of points). We detail how we fit local explana-

tions and define the boundary in Appendix A.3.

3.4.3 MODEL-BASED OPTIMIZATION OF THE MAP OBJECTIVE

The first stage of our optimization procedure gives us a collection of models {4, ..., My} with
high likelihood p(X|A1). Our goal is to identify the model 4, in this set that is the approximate
MAUP, that is, maximizes p(X|M)p(M), with as few evaluations of p(M) as possible.

Let L be the set of all labeled models A7, that is, the set of models for which we have evaluated
p(M). We estimate the values (and uncertainties) for the remaining unlabeled models—set U—
via a Gaussian Process (GP)“®. (See Appendix A.1 for details about our model-similarity kernel.)

181

Following Srinivas et al. °", we use the GP upper confidence bound acquisition function to choose

among unlabeled models /1 € U that are likely to have large p(A1) (this is equivalent to using the
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lower confidence bound to minimize response time):

arcg(M;L,9) = u(M;L,0) — xo(M;L,09)

Moexe = argmingcarcg(M;L,0)

where « is a hyperparameter that can be tuned, & are parameters of the GP, x is the GP mean func-

tion, and 7 is the GP variance. (We find ¥ = 1 works well in practice.)

3.5 EXPERIMENTAL SETUP

In this section, we provide details for applying our approach to four datasets. Our results are in

Section 3.6.

DATASETS AND TRAINING DETAILS W test our approach on a synthetic dataset as well as the
mushroom, census income, and covertype datasets from the UCI database 16 All features are pre-
processed by z-scoring continuous features and one-hot encoding categorical features. We also
balance the classes of the first three datasets by subsampling the more common class. (The sizes
reported are after class balancing. We do not include a test set because we do not report held-out

accuracy.)

* Synthetic (N = 90,000, D = 6, continuous). We build a data set with two noise dimen-
sions, two dimensions that enable a lower-accuracy, interpretable explanation, and two di-
mensions that enable a higher-accuracy, less interpretable explanation. We use an 80%-20%

train-validate split. (See Figure A.1 in the Appendix.)

* Mushroom (N = 8,000, D = 22 categorical with 126 distinct values). The goal is to predict

if the mushroom is edible or poisonous. We use an 80%-20% train-validate split.
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ber of data points. The lines dropping below the high values in Figure 3.2a
indicate that computing the right proxy on a human-accessible number of
points is better than computing the wrong proxy accurately. This benefit
occurs across all datasets and models, but it takes more samples for neural

good. networks on Covertype than the others.

Figure 3.2: Determining interpretability on a few points is better than using the wrong proxy.

* Census(N = 20,000, D = 13—6 continuous, 7 categorical with 83 distinct values).

The goal is to predict if people make more than $50, 000/year. We use their 60%-40% train-

validate split.

* Covertype (N = 580,000, D = 12—10 continuous, 2 categorical with 44 distinct values).

The goal is to predict tree cover type. We use a 75%-25% train-validate split.

Our experiments include two classes of models: decision trees and neural networks. We train
decision trees for the simpler synthetic, mushroom and census datasets and neural networks for
the more complex covertype dataset. Details of our model training procedure (that is, identifying
models with high predictive accuracy) are in Appendix A.2. The covertype dataset, because it is
modeled by a neural network, also needs a strategy for producing local explanations; we describe our

parameter choices as well as provide a detailed sensitivity analysis to these choices in Appendix A.3.
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PROXIES FOR INTERPRETABILITY ~ An important question is whether currently used proxies

for interpretability, such as sparsity or number of nodes in a path, correspond to some HIS. In the
following we will use four different interpretability proxies to demonstrate the ability of our pipeline
to identify models that are best under these different proxies, simulating the case where we have a
ground truth measure of HIS. We show that (a) different proxies favor different models and (b) how
these proxies correspond to the results of our user studies.

The interpretability proxies we will use are: mean path length, mean number of distinct features
in a path, number of nodes, and number of nonzero features. The first two are local to a specific
input x while the last two are global model properties (although these will be properties of local
proxy models for neural networks). These proxies include notions of tree depth”’ and sparsity +>°".
We compute the proxies based on a sample of 1, 000 points from the validation set (the same set of

points is used across models).

HumaN EXPERIMENTS  In our human subjects experiments, we quantify HIS(x, M) for a data

point x and a model A1 as a function of the time it takes a user to simulate the label for x with A1.

We extend this to the locally interpretable case by simulating the label according to local-proxy(x, M).
We refer to the model itself as the explanation in the globally interpretable case, and the local model

as the explanation in the locally interpretable case. Our experiments are closely based on those in
Narayanan et al. 5*. We provide users with a list of feature values for features used in the explanation
and a graphical depiction of the explanation, and ask them to identify the correct prediction. Fig-

ure A.3a in Appendix A.4 depicts our interface. These experiments were reviewed and approved by

our institution’s IRB. Details of the experiments we conducted with machine learning researchers

and details and results of a pilot study conducted using Amazon Turk are in Appendix A.4.
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3.6 EXPERIMENTAL RESULTS

Optimizing different automatic proxies results in different models. For each dataset, we run
simulations to test what happens when the optimized measure of interpretability does not match
the true HIS. We do this by computing the best model by one proxy—our simulated HIS, then iden-
tifying what rank it would have had among the collection of models if one of the other proxies—our
optimized interpretability measure—had been used. A rank of 0 indicates that the model identified
as the best by one proxy is the same as the best model for the second proxy; more generally a rank
of 7 indicates that the best model by one proxy is the 7th-best model under the second proxy. Fig-
ure 3.2a shows that choosing the wrong proxy can seriously mis-rank the true best model. This sug-
gests that it is not a good idea to optimize an arbitrary proxy for interpretability in the hopes that the
resulting model will be interpretable according to the truly relevant measure. Figure 3.2a also shows
that the synthetic dataset has a very difterent distribution of proxy mis-rankings than any of the real
datasets in our experiments. This suggests that it is hard to design synthetic datasets that capture the
relevant notions of interpretability since, by assumption, we do not know what these are.
Computing the right proxy on a small sample of data points is better than computing the
wrong proxy. For each dataset, we run simulations to test what happens when we optimize the true
HIS computed on only a small sample of points—the size limitation comes from limited human cog-
nitive capacity. As in the previous experiment, we compute the best model by one proxy—our simu-
lated HIS. We then identify what rank it would have had among the collection of models if the same
proxy had been computed on a small sample of data points. Figure 3.2 shows that computing the
right proxy on a small sample of data points can do better than computing the wrong proxy. This
holds across datasets and models. This suggests that it may be better to find interpretable models by
asking people to examine the interpretability of a small number of examples—which will result in

noisy measurements of the true quantity of interest—rather than by accurately optimizing a proxy
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Figure 3.3: We ran random restarts of the pipeline with all datasets and proxies-denoted ‘opt’ (randomness from choice
of start), and compared to randomly sampling the same number of models-denoted ‘rd’ (we account for models with
the same score by computing the lowest rank of any model with that score). ‘NZ' denotes non-zero and ‘feats’ denotes
features. The fact that the solid lines stay below the corresponding dotted lines indicates that we do better than random
guessing.

that does not capture the quantity of interest.

Our model-based optimization approach can learn human-interpretable models that corre-
spond to a variety of different proxies on globally and locally interpretable models. We run our
pipeline 100 times for 10 iterations with each proxy as the signal (the randomness comes from the
choice of starting point), and compare to 1, 000 random draws of 10 models. We account for multi-
ple models with the same score by computing the lowest rank for any model with the same score as
the model we sample. Figure 3.3 shows that across all three datasets, and across all four proxies, we
do better than randomly sampling models to evaluate.

Our pipeline finds models with lower response times and lower scores across all four prox-
ies when we run it with human feedback. We run our pipeline for 10 iterations on the census
and mushrooms datasets with human response time as the signal. We recruited a group of machine
learning researchers who took all quizzes in a single run of the pipeline, with models iteratively cho-
sen from our model-based optimization. Figure 3.4a shows the distributions of mean response times

decreasing as we evaluate more models. (In Figure A.3b in Appendix A.4 we demonstrate that in-

creases in speed from repeatedly doing the task are small compared to the differences we see in Fig-
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pipeline on two datasets. Each data point is the mean room dataset, our approach converges to models with

response time for a single user. In both experiments, we the fewest nodes and shortest paths, and on the census
see the mean response times decrease as we evaluate . .

del bt b b h dataset, it converges to models with the fewest features.
more models. We reach times comparable to t ose' of the ‘Mush’ denotes the mushroom dataset and ‘Cens’ denotes
best proxy models. The last 2 models are our baselines
(‘NZ feats' denotes non-zero features).

the census dataset.

Figure 3.4: Human subjects pipeline results show a trend towards interpretability.

ure 3.4a; these are real improvements in response time.)

On different datasets, our pipeline converges to different proxies. In the human subjects
experiments above, we tracked the proxy scores of each model we evaluated. Figure 3.4b shows a
decrease in proxy scores that corresponds to the decrease in response times in Figure 3.4a (our ap-
proach did 7ot have access to these proxy scores). On the mushroom dataset, our approach con-
verged to a model with the fewest nodes and the shortest paths, while on the census dataset, it con-
verged to a model with the fewest features. This suggests that, for different datasets, different no-

tions of interpretability are important to users.

3.7 DiscussioN AND CONCLUSION

We presented an approach to efficiently optimize models for human-interpretability (alongside

prediction) by directly including humans in the optimization loop. We were able to do this by de-

33



veloping a method under our framework where the human interpretability function outputs are b,
and we efficiently learned a computational proxy for it that allowed us to optimize models for this
property using a Gaussian Process. Upper confidence bound search allowed us to choose an effec-
tive query set ¢ where we elicited human evaluations of the interpretability function through user
studies.

To evaluate this method, we answered some of the checks by either assumption or design, and
some by first using proxy human functions, then running the entire pipeline with user studies to
refine the estimates of those questions. We answered HQ4 by assumption, assuming that an ML
system is needed to find a predictive model; HQ1-2 through task design, with a user study task that
was doable and concretely linked to interpretability as we defined this property through the ability
to complete the task; finally we assumed that, due to the lack of transparency in how human inputs
influenced the optimization, people would not be able to choose an affective query set. While we
were not directly evaluating HQ2 in our human results, we did find that the noise in the human
function was higher than expected, suggesting that a more thorough consideration of HQ2 could
have been useful.

Our experimental results largely focused on the machine questions, first evaluating them with
human proxy functions, then with real human data. MQ1 and MQ4 are closely linked, as we de-
fined the interpretability function as a piece of the objective, so knowing it is directly relevant to
solving the goal. We did, however, explore whether the human proxy functions were sufficient for
doing this optimization and found that they were not. MQ2 and MQ3 we evaluated through the
performance of the pipeline, finding that the human function could be learned sufficiently well
to optimize models according to the objective. We showed these results through simulations with
proxy functions to simulate A, then ran a human study that provided additional evidence towards
answering these questions.

In summary, these experiments allow us to show that, across several datasets, several reasonable
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proxies for interpretability identify different models as the most interpretable; all proxies do not lead
to the same solution. Our pipeline was able to efliciently identify the model that humans found
most expedient for forward simulation. While the human-selected models often corresponded to
some known proxy for interpretability, which proxy varied across datasets, suggesting the proxies
may be a good starting point but are not the full story when it comes to finding human-interpretable
models.

That said, the direct human-in-the-loop optimization has its challenges. In our initial pilot stud-
ies with Amazon Mechanical Turk (Appendix A.4), we found that the variance among subjects was
simply too large to make the optimization cost-eftective (especially with the between-subjects model
that makes sense for Amazon Mechanical Turk). In contrast, our smaller but longer within-subjects
studies had lower variance with a smaller number of subjects. This observation, and the importance
of downstream tasks for defining interpretability suggest that interpretability studies should be con-
ducted with the people who will use the models (who we can expect to be more familiar with the
task and more patient).

The many exciting directions for future work include exploring ways to efficiently allocate the
human computation to minimize the variance of our estimates p(A/) via intelligently choosing
which inputs x to evaluate and structuring these long, sequential experiments to be more engaging;
and further refining our model kernels to capture more nuanced notions of human-interpretability,
particularly across model classes. Optimizing models to be human-interpretable will always require
user studies, but with intelligent optimization approaches, we can reduce the number of studies

required and thus cost-effectively identify human-interpretable models.
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Method 2: Optimizing Models for

Human-Concept-Alignment

In this chapter, we approach the problem of learning concept-based models—models that can be
explained in terms of high-level, human meaningful concepts by formalizing a human-intuitiveness

property that allowed us to constrain the set of possible concepts to quickly find intuitive ones.
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4.1 INTRODUCTION

Concept-based machine learning methods express predictions in terms of high-level concepts de-
rived from raw features instead of in terms of the raw features themselves. In general, the goal is for
machine-learned concepts to align with human users’ internal concepts (rather than simply being
representations that increase the machine’s predictive performance). Because the concepts are in-
tuitive to users, they can facilitate interpretation and interaction with models in a way not possible
at the level of the high-dimensional raw features. For example, Kim et al. >* uses concepts to under-
stand biases in neural networks trained on image data, and Koh et al. ** argues that models with a
concept bottleneck layer can be intervened on to make correct predictions even when concept pre-
dictions are incorrect.

In this work, we focus on methods to identify concepts from the kinds of high-dimensional,
tabular, count data that frequently occur in healthcare records. In these settings, the raw data con-
sist of quite granular codes (e.g. patient has codes for Lorazepam and generalized anxiety), and the
clinician’s mental model operates at a higher level of patient condition (e.g. patient has anxiety).
Methods to turn these raw features into concepts that clinicians can easily reason about, and then
explain predictions in terms of these concepts, should be easier to understand and manipulate than
those expressed in terms of raw diagnostic codes.

However existing concept-based models have limitations that make them difficult to apply in
settings like the clinical one described above. The first major limitation is that these methods define
concepts in terms of black-box classifiers, so they may fail to accurately capture the user’s mental
model of the concept in any of the number of ways that black box models may fail (spurious corre-
lations, lack of fairness, etc.), and without tools to interpret the concepts, a user’s attempt to interpret
the predictive model based on them may also fail. The second major limitation is that these methods

rely on access to ground-truth concept labels for at least some fraction of the dataset. However, in
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many cases this annotation can require significant user effort. This is exacerbated by the fact that
the process of chart review to obtain a patient condition label from health data is much more time-

consuming than labeling an image, which is the setting that many previous works have considered.

f: 9 =0((0.704 x Insomnia ) + ( 0.589 x Anxiety ) + ( -0.231 x Overweight ) + bias )

g: Insomnia Features: Anxiety Features: Overweight Features:
Other insomnia - 78052 Generalized anxiety - 30002 Obesity, unspecified - 27800
Trazodone - rxnorm:10737 Anxiety, unspecified - 30000 Other hyperlipidemia - 2724

Lorazepam - rxnorm:6470 Glucose - c82962
Clonazepam - rxnorm:2598 Type Il diabetes - 25002
Alprazolam - rxnorm:596 Type Il diabetes - 25000

Glyburide - 4815
Figure 4.1: An example model of the form used by our method in a clinical domain. The ¢ component is a transparent

representation layer that generates intuitive concepts, and thefcomponent is a transparent model learned on top of the
representation.

We propose an approach to learning concept-based models that addresses both of these limita-
tions. We learn a concept-based model where the concepts are fully transparent, thus enabling users
to validate whether mental and machine models are aligned. Our learning process also incorporates
user feedback directly when learning the concept definitions: rather than labeling data, users mark
whether specific feature dimensions are relevant to a concept. Under our framework, 4 here is the
relevance of a feature to a concept, or the intuitiveness of an association between the two, and its
function space is the set of feature-concept pairs.

This choice of 4, rather than eliciting concept labels for instances which is the choice of 5 used
in the related work we reference, further enhances human-machine concept alignment by allowing
the user more control over the learned concept, and makes efficient use of the user’s time, particu-

larly since Raghavan et al. 66

found that labeling a feature takes a fraction of the time of labeling an
instance.

Our objective, then, is to maximize the model’s predictive performance while adhering to the

alignment of the concept with the user’s internal concepts operationalized through this choice of
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h, and some programatically defined constraints on interpretability. (See Figure 4.1 for examples

of concept definitions of the form proposed in our method.) We demonstrate with simulated user
feedback on real prediction problems, including one in a clinical domain, that this kind of direct
feedback is much more efficient at learning solutions that align with ground truth concept defini-
tions than alternative transparent approaches that rely on labeling instances or other existing interac-

tion mechanisms, while maintaining similar predictive performance.

4.2 RELATED WoORK

TRANSPARENT MACHINE LEARNING.  Transparency has been proposed as one instantiation

of interpretability corresponding to whether a user can step through a model’s computation in a
reasonable amount of time#*. It can help users avoid pitfalls of black box models like unfairness, re-
lying on spurious correlations, and a variety of other errors7#. Many machine learning models have
been proposed to satisfy this criteria including sparse logistic regression (Tibshirani *, Poursabzi-
Sangdeh et al. ©*), decision sets (Lakkaraju et al. >, Lage et al. 3”) and rule lists (Ustun & Rudin *,
Letham et al. #*). However these approaches are presented in terms of raw features, assuming they
are meaningful. Our work aims to develop a transparent representation that maps uninterpretable
features in high-dimensional domains to an intuitive and transparent concept representation on top

of which existing transparent machine learning methods can be used.

UNINTERPRETABLE CONCEPT-BASED MODELs.  Approaches have been proposed to give intu-
itive meaning to latent spaces of complex (uninterpretable) models. Most closely related to ours,
Koh et al.? introduces an approach for constructing a bottleneck layer in a neural network that
corresponds to a set of concepts that are labeled in the training data. They demonstrate that these
concepts can then be manipulated to change and understand the model’s output instead of directly

manipulating input features. Other related lines of work use semi-supervised approaches where a
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user provides some labels for latent dimensions in order to constrain the latent space to align with

the user’s representation of the problem (Narayanaswamy et al. 55, Hristov et al. ¢)

, or interpret the
latent space of a neural network in terms of intuitive concepts post-hoc by allowing users to specify
concepts in terms of examples that train a classifier on a neural network’s latent space**. In contrast

to this, our method learns a model that is fully transparent, not post-hoc, and does not require a

dataset of instances labeled with concepts.

INTERACTIVE CONCEPT LEARNING.  Approaches to interactively learn a concept-based represen-
tation have been proposed, several of which produce interpretable concept-based representations.
Amershi et al.? introduces “end-user interactive concept learning,” through which users can gener-
ate labels for relevant concepts in large datasets to train concept classifiers, which can be done with
transparent classifiers. Interactive topic models have been proposed to obtain low-dimensional rep-
resentations aligned with user intuition; these are linear, positive and can be interpreted by the top
features for each topic. Mechanisms for interaction include constraints that words should or should
not appear in the same topic,*”, and defining a set of “anchor words” to characterize a topic; the lat-
ter is considered easier to guide. Lund et al. #7 builds on it to learn predictive topics for downstream
prediction tasks. Finally, Parikh & Grauman > learns mid-level features for image classification by
jointly finding predictive hyper-planes, and learning a model to predict the nameability of those
hyper-planes, but this depends heavily on users being able to inspect instances to see how a latent
feature varies among them. This works well with images, but it is not clear how this would work
with data that is not glaneceable. While these methods allow for interactively learning interpretable
concepts, the feedback users provide does not allow them to directly steer the algorithm, making it

challenging for users to get the concepts to align with their intuitive representation of the problem.
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INTERACTIVE FEATURE ENGINEERING.  Additional methods have been proposed to allow users
to interactively engineer and refine feature spaces. Cheng & Bernstein '* and Takahama et al. % use
crowd-workers to label images with features generated by other crowd-workers, then iteratively re-
fine the feature space for examples that are frequently misclassified. Some active learning methods
have been proposed that allow features to give feedback on the relevance of features rather than la-

6619 Tn user studies, Raghavan et al. ® and Druck et al. ' demonstrated that

beling instances e.g.
people are able to label features with their relevance to a prediction task, and Raghavan et al. 06
demonstrated that labeling features actually takes much less time than labeling instances. In con-

trast to our method, these all aim to increase predictive performance of the downstream model with

user feedback, rather than to tune the model to be intuitive to the user.

4.3 INTERACTIVELY LEARNING INTUITIVE CONCEPTS

Our goal is to predict label y € {0, 1} given input feature vector of count data: x € Z 2 We as-
sume access to a dataset {,, 7, }* and aim to learn a 2-stage prediction function first mapping from
input features x to concepts ¢ € {0,1}“~we call this the concept definition, g, and then mapping
concepts ¢ to predictions y—we call this the prediction function, £.

Our goal is to learn an fand g that are as predictive as possible, while learning an fthat is inter-
pretable, and a g that is both interpretable and intuitive, in that it closely corresponds to a set of con-

cepts the user is already familiar with. This gives us the following objective function that we solve:

argmax accuracy(flg(x)),)
feg

subjectto  fis interpretable
gis interpretable

g is intuitive
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Below, we instantiate f'and g which have functional forms that are transparent by design. Then we
introduce an optimization procedure to fit the parameters of /and g so that they have the correct
functional form, g is intuitive—i.e. aligned to the user’s internal concept definition, and (fg(x))) is

predictive. Section 4.4 describes a core piece of the optimization framework in more detail.

4.3.1 INTERPRETABLE CONCEPT DEFINITION ¢ = g(x)

The key claim underlying our method is that, if the concept definitions g produce concepts that
closely align with the user’s internal concepts, then the entire predictive model consisting of the
functions fand ¢ can be interpreted by only inspecting /. This reduces the effort required to inter-
pret the model. To accomplish this, we require that concept definition ¢ be interpretable so that the
user can validate that it produces concepts that closely match their own. Without this requirement,
problems that interpretability aims to solve, such as models learning spurious correlations, can creep
into ¢ and influence the interpretation of the entire model.

To ensure that the learned concept definitions g are interpretable, we draw inspiration from
the medical literature where conditions are often manually defined from high dimensional record
data. One common form is defining a condition (one possible instantiation of a concept) based
on a threshold on a sum of counts. This form of concept definition is known to be interpretable
to humans since it is the de-facto clinical approach (e.g. Castro etal.”, Townsend et al. 7, Ritchie
etal.”®).

We formalize a simplified version of this popular form without a count threshold by defining the

concept definition ¢ using a binary matrix of parameters, 4 € {0,1}2*¢

where setting 4;; = 1
indicates that feature 7 is associated with concept /. A prediction ¢; can then be made for concept ; as

follows:

6 =1((4) > 1) (42)
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Features 7 where 4, ; = 1 form a list of features that are associated with concept ¢;. The main goal of

our approach will be to learn this set of features.

4.3.2 INTERPRETABLE PREDICTION FUNCTION j = f{¢)

Since our goal is to interpret the model in terms of the concepts instead of the raw input features,
the prediction function f'that depends on the concepts must be interpretable. In this work, we shall
use logistic regression, but in general, any differentiable and interpretable model could be used. Let

W € RE be the vector of weights and & € R the scalar bias. The prediction can be written:

y=o(Wic+b) (4-3)

The model can then be interpreted in terms of the concept weights, 7.

4.3.3 OPTIMIZATION PROCEDURE

Given the forms we have defined for f'and g, we must define a procedure for solving our objective in
Equation 4.1. The main challenge to our optimization is the last constraint: that ¢ must be intuitive.
Since intuitive concepts are a property of the user’s understanding of a particular domain rather
than a property of the data itself, we must assess this property with the help of the user.

We define an optimization procedure that relies on being able to query the user about whether a
feature x; should be associated with concept ¢;. For example, an association between the feature ‘gen-
eralized anxiety’ and the concept ‘anxiety’ might make sense, whereas an association with ‘anxiety’
and ‘other insomnia’ does not—even though it might make the concept more predictive of the pa-
tient’s psychiatric outcomes. We assume that if the user accepts associating feature x; with concept ¢;
for every (i, /) feature-concept association in g, then ¢ is intuitive and satisfies the constraint. Le. the

constraint is satisfied if the user accepts associating x; with ¢; V{(,7) : 4;; = 1}.
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To guarantee that we will learn a ¢ that satisfies this property, we first require the user to initialize
¢ with an intuitive association for each concept, grounding the concepts to something the user finds
intuitive. Our algorithm then iteratively builds up ¢ by making a series of feature-concept proposals
(7*,7*) that the user must accept or reject. If the proposal is accepted, the feature-concept associa-
tion is added to the concept definition, improving the quality of ¢ while guaranteeing that it satisfies
the constraint, and if it is rejected, the concept definition does not change so g continues to satisfy
the constraint.

We also make efficient use of human feedback by modeling which associations the user has previ-
ously accepted to refine future proposals made by the algorithm, and we refit fafter every change to
g to increase the overall predictiveness of the model. Each of these steps is described below, and the

tull algorithm is described in Algorithm 1.

IN1TIALIZATION  The user first initializes the binary feature-concept association matrix, 4, by
specifying exactly one feature they wish to be associated with each concept: Vj Zio Ay = 1)

In clinical domains like the Psych one we use in our experiments, clinicians already know many of
the high-level concepts of interest that will affect the prediction, and coming up with a few examples
of features related to these concepts (e.g. generalized anxiety) seems relatively straightforward, but
specifying the long tail of relevant features (e.g. alprazolam, lorazepam etc.) can be challenging; this

is where our approach is useful.

ProrosaLs The optimization then proceeds by, at each step, proposing a feature-concept pair,
(7*,7%) from the set of {(7,7) } pairs that have not yet been explored by the algorithm. We call the
unexplored set of features associated with concept ¢;: #; (for unlabeled), and the previously explored
set /; (for labeled). The user then gives feedback by either accepting the association, thus setting

feature-concept matrix 4;; = 1, or by rejecting the association, in which case no change is made to
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A. ljis initialized as {7 : 4;y = 1} for any concept, and #; is initialized as the complement of /;.

This is further described in Section 4.4.

LABELS FOR INTUITIVE ASSOCIATIONs  We additionally store a set of labels indicating where the
user has previously accepted or rejected a proposal: intuit. These allow us to model which associ-
ations are or are not intuitive, and to refine the quality of future proposals. These are initialized so
that intuit,;; = land intuit;y2 = 0 if 4;; = 1in the concept definitions initialized by the user.
We then update these intuitiveness labels setting intuit,« j = 1if proposal (#*, ;%) is accepted and
intuits « = 0 if it is rejected. In the initialization, we assume that features can only be associated
with one concept, but we do not make this assumption for our proposals. This reflects the assump-
tion that features used to seed the concepts will be more cleanly aligned with them than features

suggested by our algorithm.

ADDITIONAL DETAILS  After each accepted change to the feature-concept matrix 4, we refit

so that it is optimally predictive given the updated concept definitions. We fix the concept for each
proposal, /%, optimizing only over the feature dimension, 7*. We make a fixed number of propos-

als to the user for each concept before moving onto the next in order to minimize the mental load
placed on the user by continuously switching between concepts. To short-circuit the loop of human
feedback when no predictive proposals exist, we add a dummy feature that corresponds to making

no change to the concept, and do not request feedback from the user when this is proposed.
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Algorithm 1 Our algorithm for interactively optimizing intuitive and interpretable con-
cepts with human feedback. See Section 4.4 for details on how we choose feature * when
making proposals.

i Input: x, 9,4, k
2: Initialize: £, /, u, intuit
3: for;* 1:num-concepts do

4 fork r:num-proposals do

5: Choose feature 7* to construct proposal: (z*, /)
6: if (*,7%) is accepted then
7: intuit » = 1
8: Az’*J* =1
9: Retrain f
10: else
IL: intuit = 0
12 end if

s b= Uy = e\ ()
14: end for

15: end for

4.4 PROPOSING PREDICTIVE, LIKELY-INTUITIVE CHANGES

The key challenge in the optimization process outlined above is how to make proposals that will
both increase the predictive performance, and will also likely satisfy the intuitiveness constraint—
i.e. how to implement Line 5 in Algorithm 1. If the proposal is not highly predictive, it will not

improve the objective much even if the user accepts it (and thus be a waste of the user’s time), while
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if the proposal is not intuitive, that is, not aligned to the user’s mental model, then the user will not
accept it and no improvement will occur.

To produce proposals that are predictive and intuitive, we first compute both how predictive a
particular feature-concept association is likely to be—we denote this scoreP™**—and how likely to

user is to accept it—we denote this sco rei"tUit Next we combine both these scores—we denote

the combiner function b (score™?, score'™ "), to rank potential proposals. # corresponds to a

threshold parameter used by the combiner function. Below, we describe the procedures for comput-

pred

ing scoreP ™ and score™!* before describing how they are combined in /.

pred

CoMPUTING scoreP™  The goal of score? ; is to measure how much the predictive perfor-

mance of the model will increase if feature 7 is associated with concept ;. We want to use this score
to prioritize proposals that will improve the predictive performance as much as possible if the user
decides to accept the proposal.

We achieve this by updating the model to its form if the proposal (7, /) were to be accepted by the

user, and computing the predictive performance under this update (without retraining f'because of

ij

the computational cost). We denote this update 4, 8 and it is identical to 4 except that Aij =1L

Formally, score?;-eu| = accuracy(y, Ag(x, A7) fori € #j, and 0 o.w. While brute force approaches

like this can be computationally expensive, in this case, it allows us to compute the scorez;-e quan-

tity in only several seconds (each proposal for the Yelp domain took approximately 2 seconds on a
single core of an Intel Core i7 processor). This appears to be within the bounds of reasonable behav-

ior for an interactive system; Lund et al. #7 report that participants were unable to complete a task

when updates took more than 10 seconds.

The goal of scoreli-;-t“it is to measure how likely the user is to accept

COMPUTING scorelMuit

associating a feature 7 with a concept ;. When this is high, we can propose a feature-concept pair
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with confidence, knowing that the user is likely to accept the change. When it is low, we should
prioritize other proposals that the user is more likely to accept.

We operationalize score™™"!* using a Gaussian random field (GRF)** to model the user’s prob-
ability of accepting a proposal. This model assumes that the user is likely to accept associating a
feature 7 with a concept f if the user has previously accepted associating similar features / with con-
cept 7 and unlikely to do so if they have previously rejected similar features. This requires defining a
notion of similarity between features: we use Jaccard similarity (denoted /) computed over the num-
ber of times each features is recorded for each instance (i.e. x7). Synonymous features are likely to
be used somewhat interchangeably throughout a patient’s medical history, for example, making this
notion of similarity reasonable.

The probability that the user will accept associating feature 7 with concept j can then be com-

puted based on propagating the intuit labels, denoting whether the user has previously accepted or

rejected a proposal, through the similarity graph:

intuit .
score ;; = exp(z E J(xl, ) (intuit;; — intuit /j) )

161

MAKING PROPOSALS: /(score’™ score™™ )  Our goal is produce a proposal of a
feature-concept association, (7*,7*), that will both be highly predictive, and that the user is
likely to accept. Meeting both of these conditions makes it likely that it will both be added
to the model, and have a positive effect on predictive performance.

Recall that for a given proposal, the concept, 7%, is fixed. We compute the proposal by
first taking the top & features in #;-—the features not yet probed by the algorithm for con-

cept j*, ranked by score?™. The intuition is that any of these are predictive enough to

help with downstream performance if the user were to accept the proposal. We then take
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the highest ranking feature amongst these # ranked by score™™**. This corresponds to
choosing the term that the user is most likely to accept from amongst the predictive fea-
tures found in the first step.

This thresholding and re-reranking allows us to incorporate both the association’s pre-

dictiveness and the likelihood the user will accept it when making proposals.

4.5 ILLUSTRATIVE TOoY EXAMPLE

We introduce a simple, toy example to illustrate a scenario where neither scoreP™ (pred)
nor score'™™* (intuit) alone make high quality proposals, but their combination, /;(score™?, score )
(our method, pred-intuit), can.
Properties This example has 2 key properties that we expect to occur in real data. The
first is that two distinct concepts have a similar effect on the prediction, which may be the
case if, for example, both anxiety and insomnia have similar effects on psychiatric outcomes,
even though they are 2 distinct clinical conditions. The second is that each concept consists
of 2 groups of 2 highly correlated features, however these groups are not correlated. This
may be the case when, a single condition may consist of 2 disjoint groups of patients, like
patients with type I and type II diabetes, for example. Figure 4.2 shows the details of the
toy example, where nodes that have the same color are closely correlated, edges for ¢ have
weight 1 and edges for fhave their weight written on them. See Appendix Section B.1 for a
detailed description of how the features were generated.
Results Figure 4.2 describes key failure cases for each variant. Black edges correspond

to previously added associations, red edges correspond to the next 4 proposals made by the

algorithm, and dotted red edges indicate there are multiple options for that proposal. The
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numbers in the corresponding feature nodes indicate to the ordering of the red proposals.
The intuit variant is able to successfully add the 2nd yellow node at the start of the 2nd
concept when the concept was seeded with the first yellow node because these are clearly
correlated. However for its second proposal, it can add any of the green, cyan or orange
nodes nodes, since none of these are correlated with either the seed term for concept 2, or
for any other concept. The pred strategy first proposes the green node, since this correctly
labels the most additional instances with the concept, then proposes both of the cyan nodes
because concept 3 (that the cyan nodes are associated with) plays the same predictive role as
concept 2. After exhausting the cyan nodes, it returns to the second green node, however
does not learn to do so immediately after the first rejected proposal, as our method does.
When run with 4 proposals for each concept, our method that combines both predic-
tiveness and intuitiveness is able to recover the true set of features, and achieves almost per-
fect downstream and concept accuracy (concept accuracy: 0.994 £ 0.001, downstream
accuracy: 0.990 £ 0.001), while the pred variant performs slightly worse on both metrics
(concept accuracy: 0.978 £ 0.001, downstream accuracy: 0.966 % 0.001), and the intuit
variant performs even worse (concept accuracy: 0.892 4 0.015, downstream accuracy:

0.858 4= 0.018). See Appendix Figure B.1.

4.6 EXPERIMENTS

To allow for quantitative analysis and comparison to multiple baselines and variants of
our approach, we ran experiments with known (hand-crafted) concepts to be discovered
from real data: each experiment was seeded with features from the known concept, and we

assumed that the simulated user would accept any proposed term that belonged to it.
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Figure 4.2: The toy example has 2 concepts that play similar roles in the prediction, and each concept depends on 2
distinct sets of correlated features. Black edges correspond to previously added associations, red edges correspond

to the next proposals made by the algorithm, and dotted red edges indicate there are multiple best options for that
proposal. The numbers in the corresponding feature nodes correspond to the ordering of the red proposals. The intuit
variant can fill in the correlated sets of features, but is not effective at uncovering new sets of features, while the pred
variant is unable to learn that features associated with a different concept that plays a similar predictive role are not
relevant. Our approach (pred-intuit) avoids both of these pitfalls.

4.6.1  SETUP

DATASETS AND CONCEPT DEFINITIONS ~ We use two domains: one publicly available
dataset of Yelp restaurant reviews", and one real, clinical dataset of patients diagnosed with
depression from a Boston area hospital. In the Yelp data, we predict whether the average
rating for a restaurant is good (> 4 stars), or bad (< 2 stars) based on counts of words in
the aggregated reviews. In the Psych dataset, we predict whether a patient will be prescribed
an atypical antipsychotic within 1 year of their first antidepressant prescription based on
counts of the patient’s past diagnoses, prescriptions and procedures. After preprocess-

ing, the Yelp dataset has dimension 7, 496x1, 228, and the Psych dataset has dimensions

9, 802x989; both are split 60/20/20 train/valid/test, and labels are class balanced by sub-

“https://www.yelp.com/dataset/
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sampling. Neither of these real datasets come with concept definitions, so we crafted these
concepts by hand to be realistic and reasonably predictive. The concepts in the Psych do-
main were informed by discussions with a practicing psychiatrist. See Appendix B.1 for

additional details.

BASELINEsS  We compare to interactive, concept-based baselines as well as non-concept-
based predictors. The concept-based baselines are comparable to our g (concept defini-
tions), and have the same f'as our method trained on top of them to make predictions.
Since both approaches are interactive, they require an interaction method through which
the user can provide feedback on the quality of the concepts—this is analogous to the step in
our method where we propose a feature-concept association and the user provides feedback
on whether it is intuitive. The first baseline uses active learning to fit a sparse, l1-regularized
logistic regression classifier for each concept—denoted AL. Here, the feedback from the user
consists of labeling instances with concept labels (whether the concept applies to that in-
stance). The second baseline uses a supervised variant of anchor-topic-modeling*”, where
the user feedback indicates whether a feature should be an anchor for a particular topic—
denoted TM. Anchors are features that have a non-zero probability of appearing in only
one topic, and can be used to guide the learned topics to take on a specific meaning. See
Supplement Section B.2 for method details, hyperparameters, and results for an additional
TM variant.

For non-interactive baselines that do not rely on concepts, we compare to a random for-
est classifier (RF), a neural network with a single hidden layer the of size C (NN), and l1-
regularized logistic regression with a similar number of non-zero coefficients as C (LR). See

Supplement Section B.2 for hyperparameters and details.
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Finally, we explore variants of our approach: a pred variant that ranks proposals by
score™, an intuit variant that ranks proposals by score*'*, several variants of our method
(‘pred-intuit’), and several ‘intuit-pred’ variants that threshold based on score'™** then
rank based on score?™. Different variants correspond to different choices of k: 1%, 5%,

10%, and 25% of D. We denote these as e.g. pred-intuit-s when # = 5% of D. £ is not
chosen by hyperparameter optimization since we do not have a validation set of concepts,

instead we choose k=5% (pred-intuit-5) a priori to show in our main results as this value of

k seems neither too restrictive, nor too broad.

4.6.2  COMPARISON TO BASELINES

The downstream accuracies and the concept accuracies on the test set are reported with
standard errors in Table 4.1 for 25 randomly sampled sets of seed features from the list in

Appendix B.1 and 10 proposals per concept.

Yelp Psych
Variant| Downstream Concept| Downstream Concept

Ours | 0.78040.003 0.707+0.002|0.606+0.002 0.7787+0.010
AL 0.7531+0.003 0.61240.003 | 0.581F0.003 0.598+0.013
™ 0.81110.009 0.5961+0.004|0.6111+0.003 0.648+0.004

LR 0.6967+0.000 -| 0.588+0.000 -
NN 0.909+0.002 -| 0.635+0.002 -
RF 0.935+t0.001 -| 0.670%t0.001 -

Table 4.1: Downstream accuracy and concept accuracy = standard errors for our method and baselines in both domains
on the heldout test set. Bold numbers indicate the best accuracy(ies) for the concept-based methods. Our method
performs substantially better on concept accuracy than concept learning baselines, while staying competitive on down-
stream accuracy. All interpretable baselines (above the horizontal line) have worse prediction than blackbox regressors
(below line).

Our approach substantially outperforms all methods on concept accuracy. In Yelp,

our final concept accuracy is 0.71 & 0.0, and in Psych, itis 0.78 &= 0.1, 0.1 and 0.13 greater
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™ AL Ours ]
Cr C2 Cs C1 Ca C3
managers neighborhood creamy | drivethru cozy creamy reservation comfortable juicy
pull vibe texture | nicely garbage macdonalds welcoming  moist
standing  playing fruit reservation  receipt shift vibe creamy
bought watch vegas lovely macdonalds  addition casual
issues bartender rich entrees comfortable perhaps ambiance

Table 4.2: Top 5 coefficients for each concept in AL, TM and Our method in Yelp (from restart with highest concept
accuracy). Bolded features are related to the concept they are associated with. While for AL and TM some of the top
features are relevant, many are irrelevant to the concept. For ours, the top (and only) features associated with each
concept are all relevant by design.

than the 2nd best concept-based model respectively. These substantial differences suggest
that our approach aligns much better with the user’s intuitive representation than base-
lines, given a fixed number of user interactions. This is crucial for deriving valid interpreta-
tions of the predictive model in terms of these concepts.

Our approach is competitive with other concept-based approaches on downstream
prediction accuracy. Our approach outperforms AL in both domains, and performs sim-
ilarly to TM in the real clinical domain. However TM outperforms our approach in the
Yelp domain, which may simply be a property of the Yelp data, as topic models are particu-
larly well-suited to text data. These results suggest that our approach consistently performs
well, including on real clinical data, that it is more effective than the AL baseline at opti-
mizing downstream performance, and that it does not lose much on downstream accuracy
compared to the TM baseline.

Our approach performs better on downstream accuracy than the LR baseline,
which is comparable to training / directly on the raw features. In the Yelp domain, our
approach outperforms LR by 0.08, and in the Psych domain, by 0.02. This suggests that
training an interpretable model on top of the concepts constructed by our approach can
boost predictive performance over training a sparse logistic regression on the raw features.

Our concept based approach has other advantages as well, including that the predictors in
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the interpretable model are user specified, whereas the inputs to a sparse logistic regression
do not have any constraint on intuitiveness, and that colinearity 7 may cause weights on the
raw features to be confused in e.g. sparse logistic regression, while the user chosen concepts
are more likely to represent distinct ideas.

Standard predictors without interpretability constraints outperform all concept-
based approaches on downstream accuracy. All the concept-based methods (including
ours) have worse downstream accuracy than the non-interpretable methods (NN and RF);
however, we emphasize that (a) neither of these baselines are interpretable and (b) there
may be several ways to narrow that gap—the most substantial of which is moving beyond
the particular concepts initialized by the user to find concepts that are both intuitive to the
user, and highly predictive.

Comparisons against fully manual: Our approach outperforms the user manually
selecting a small set of relevant features. We compare the downstream accuracy of our
approach on the test set against randomly sampling features from the concept definitions
to simulate a user generating ¢ manually. The x-axis corresponds to the number of features
sampled (without replacement) from each concept. Once all of the features for a given con-
cept have been sampled, that concept is no longer updated. Figure 4.3 shows this for the
25 randomly selected sets of seed features used to generate Table 4.1. In Yelp, comparable
downstream accuracy is never reached, and for Psych it takes approximately so features for
some of the concepts to achieve comparable accuracy. The poor performance in the Yelp
domain suggests that there are features that intuitively belong to the concept for the user,
but that actively hurt predictive performance; our approach avoids adding these features.

Overall, these results suggest that manually curating a predictive g will require much more
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effort than seeding our approach with 1 relevant term.

Accuracy by Num. Features - Yelp Accuracy by Num. Features - Psych
0.781 0.61]
0.771 0.60-
>.0.76 o
2075 5 0.59]
0 0.741 3 0.581
< | <
0.73 —— Our Method 0.571 —— Our Method
gﬁ —— Random Features 0.561 —— Random Features
0 2 4 6 8 10 12 0 10 20 30 40 50 60 70
Num. Features Num. Features

Figure 4.3: Heldout downstream accuracy by number of sampled relevant features. Yelp domain on left, Psych on right.
In the Yelp domain, randomly adding features to the concepts from the list of “ground truth” related features never
approaches the downstream performance of our method, while in the Psych domain, it takes up to around 50 random
features per concept to surpass what our method achieves with 10 proposals per concept.

Spurious correlations in baseline concepts: Baselines have many irrelevant features
in the top features for each concept; our approach, by design, does not. In Table 4.2,
we report the top s features associated with each concept in the Yelp domain for both the
TM and AL baselines. We see that, some of them are relevant to the topic at hand, for ex-
ample ‘vibe’ for TM-C2, and ‘comfortable’ for AL-Cz2. Other examples are bolded in the
table. However many of these features are not directly associated with the concepts, for ex-
ample, ‘vegas’ in TM-C3, and ‘addition’ in AL-C3. These may lead to errors that could be
caught by inspecting the model since it is interpretable, but unlike our method, AL and

TM are not designed to allow the user to easily correct these errors.

4.6.3 ABLATIONS AND VARIANTS

We repeat the same experiment as shown in Table 4.1, but exploring different variants of

our approach, and show the downstream accuracy plotted against the concept accuracy on
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the test set, as well as the number of accepted features for each variant in Figure 4.4.

The combination of predictiveness and intuitiveness to generate the proposal is
important for downstream accuracy. Almost all variants that combine score™™** and
score”™? to make proposals outperform the pred and intuit variants on downstream accu-
racy. The left column of Figure 4.4 shows that all of the intuit-pred variants, and 3 of the 4
pred-intuit variants outperform pred and intuit (the 4th performs similarly). The last vari-
ant has a high value of £, thresholding after the top 25% of features. This is larger than it
makes sense to set £ to in practice, but demonstrates that even with large values of &, results
are no worse than using only ‘intuit’ or ‘pred’.

Both predictiveness and intuitiveness are also important for optimizing concept
accuracy. Our proposed variant and several others outperform pred and intuit in concept
accuracy, and no variants perform substantially worse. In Yelp, our proposed variant, pred-
intuit-5% outperforms all other variants, and performs similarly or better to all variants in
the Psych domain. This suggests that this variant is quite effective at optimizing both con-
cept accuracy and downstream accuracy compared to other variants that use only score?™
or score™**. We note that this particular setting of & = 5% of the total features was not
chosen after hyperparameter optimization, but instead chosen a priori, however it seems to
be a reasonable choice in both domains.

Pred-intuit variants, including our proposed variant make more accepted proposals
than intuit-pred variants, potentially engaging users more effectively. The pred-intuit
variants, including the one we propose, propose more accepted features than the intuit-

pred variants. Both propose substantially more than the pred variant and less than the in-

tuit variant. This is an important metric because even an approach that optimizes accuracy
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well will likely not be engaging to the user if it rarely makes relevant suggestions. Given that
intuit has much lower downstream and concept accuracy, our proposed variant of pred-

intuit-5% balances these competing objectives well.
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Figure 4.4: Results of our ablation study on the importance of both predictiveness and intuitiveness in the proposal.
Variants that include both factors outperform pred and intuit in both concept accuracy and downstream accuracy,
and our proposed pred-intuit variant tends to make more accepted proposals than intuit-pred variants. Our choice of
k = 5% of D appears reasonable.

4.7 Evaruvation of “CHECKS”

In evaluating this approach, we addressed some of the questions in our set of “checks” by
either assumption or design, and others by running computational experiments with hand-
crafted human proxies. In this work, we did not yet evaluate the system with human data
to address the human-related questions with user data rather than computational proxies.
In this section, we describe how we addressed the different checks, as well as future work
related to user evaluation.

We address HQ1 by assumption, assuming that giving feedback on these feature-concept

associations is not too cognitively challenging. This assumption aligns with the findings
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in Raghavan et al. ® that found that labeling a feature takes a fraction of the time of label-
ing an instance. HQ2, we address partly by an assumption that merits further testing, and
partly by evaluation with proxy feedback. If we assume that concepts defined using the
functional form g and people’s internal representation of concepts are closely related, then
the task, by design, provides direct feedback on this, addressing HQ2. This is in contrast to
the anchor topic model baseline where the feedback less transparently impacts the learned
concepts. However, this assumption that g is expressive enough to capture human concepts
merits further testing.

HQ3 and HQ4 we address through experiments with computational proxies. We can
think of the correlation-only baseline as a human proxy where the user chooses only closely
correlated features to add to the concept. Based on this proxy, we find that our approach
performs better, however further work should test these questions with real human data
based on this promising outcome.

MQ1, MQ2 and MQ3 we address by evaluation with hand-defined proxies of specific
concepts defined according to the functional form of g. These were all evaluated through
the direct evaluation of the approach compared to baselines (topic models and active learn-
ing as well as ablations). Based on the good performance of our method compared to these,
we can assume that it performs relatively well with respect to these 3 questions.

Finally, MQ4 we address by assumption, as the concepts are, by definition, required to
align with human representations. These are not computationally encoded, and so require
human feedback. One can also consider the signal that not all proposals are accepted as

evidence that the user oversight is required to complete this task well.

59



4.8 DiscussioN

Our approach offers advantages including providing the means to create a prediction sys-
tem that allows people the ability to reason about the prediction process at a higher level
of abstraction than the raw data, transparent concept definitions that can be validated for
intuitiveness, and a feedback mechanism that allows for efficient use of human feedback.
However it also has limitations that suggest interesting future work.

On our two tasks, all interpretable, concept-based approaches came at a cost to down-
stream accuracy. Future work could address this by making ¢ more flexible while still ensur-
ing that its intuitiveness can be validated. Alternatively, this could be addressed by seeding
our approach with concepts that are both intuitive and highly predictive in order to mit-
igate potential performance effects. The second option may also address cases where the
user cannot easily specify a set of predictive concepts and an associated feature.

While our results show good performance in realistic simulations of human feedback, we
did not test it extensively with users. There remain important open questions including:
how well can g capture the high-level concepts in a variety of domains? And how accurately
are people able to give the accept/reject feedback required by our algorithm? For the sec-
ond, it may be possible that the user believes a feature-concept association is intuitive, but it
actually makes the concept definition less representative of the user’s concept. How realis-

tic this scenario is is an interesting question for future work.
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4.9 CONCLUSION

We proposed an approach for learning interpretable concept-based latent representations
to extend interpretable machine learning methods to domains with uninterpretable fea-
tures. We used human-in-the-loop training to learn transparent concept definitions that
align with users’ intuitive representation of a prediction problem, and we showed on real
datasets with simulated concepts that our approach can learn representations that align
substantially better with user-intuitive concepts.

Transparent machine learning methods allow users to inspect system logic, potentially
catching mistakes and improving models. Our approach scales these benefits to high-dimensional
domains with unintuitive features without sacrificing transparency at the representation

level.
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Method 3: Optimizing Elicitation of

Human Context at Test-1Iime

In this chapter, we address the problem of missing human context that may be obvious to
the user for a particular test instance, however that the ML model does not have access to.

We formalize this problem as an unobserved “human feature set” that must be queried ata
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cost for test instances. Under our framework, / is the values of these missing features, and
we choose g based on a function that combines uncertainty about 4 for different features,
and the importance of / for the prediction outcome. The goal is to make accurate predic-

tions.

5.1 INTRODUCTION

ML models and human decision-makers often have different yet complementary strengths
that can be leveraged to improve human-ML decisions. The specific case we focus on here
is that ML models can recognise patterns in massive datasets, while humans may have ac-
cess to additional facts and contextual information which may be missing from the dataset
and are important for decision-making. Methods exist for incorporating human expertise
during model training—e.g. Bayesian methods and the methods described in Chapters 3
and 4, however incorporating expertise of this type at test time allows additional flexibility
for personalizing queries to different users.

However, existing strategies for incorporating human expertise into ML predictions at
test-time largely rely on users being able to make expert decisions. For example, mixtures-
of-experts approaches (e.g.*°, 5¢) weight the predictions made by an ML model and a hu-
man decision-maker to decide when a human should step in. Other approaches learn when
to defer decisions to a down-stream decision-maker based on samples of the ML model’s
decisions (e.g’°,?,%"), or explicitly constrain the model to align with human expertise*,°".
Finally, explanations (e.g.”*,*’) allow users to synthesize the ML model’s insights with their
own, but require the difficult cognitive task of deciding how to reconcile these insights.

These methods all assume that users have substantial expertise about how to make deci-
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sions in the domain, however other important types of human expertise exist. We consider
the case of non-expert users who may have access to relevant contextual information about
a particular instance.

To illustrate this setting, consider the example where electronic health record (EHR)
data from thousands of patients is converted to a set of machine features that are analysed
by ML and used to predict depression-related outcomes (e.g.*,?*). These models, though
predictive, may lack important contextual information that is otherwise available to the hu-
man patient, about, for instance, their support network, or socioeconomic status. We call
these human features, and both human and machine features can be important predictors
of treatment outcomes’. Importantly, these human features may consist of information
available to the person about whom a prediction is made (e.g. the patient) rather than the
person with prediction expertise (e.g. the doctor). This human context information is the »
defined in our framework.

However incorporating these human feature-level insights into ML predictions requires
formalizing this problem in a way that permits ML optimization. The first contribution
we make in this work is to contrast the problem of feature-level synthesis of human and
ML decision making to existing approaches. The second is to formally describe this prob-
lem as intelligently querying a unique set of human features from a known feature set for
each instance at test time, given a model trained with all features (we assume weights for the

human features were learned during training)-operationalizing ¢ from our framework *.

"Having access to these features at train time may be reasonable in settings where there is a budget for
collecting additional human features at train time, including through crowdsourcing (e.g.*), or in clinical
trials (e.g. the CoMMpass study for multiple myeloma https://themmrf.org/finding-a-cure/our-work/
the-mmrf- commpass-study/). But expecting these same features at test time might be infeasible for either
financial or workflow-related reasons. For example, asking a patient 100 questions during a clinical interview
may negatively impact the clinical relationship.
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This differs from feature selection as we are interested in eliciting a personalized subset of
human features for each instance at test time, rather than a global set of human features for
all instances. This is important, as different features may be relevant for different types of
patients. For example, marital status may be important to determine social support for a 40
year old patient, but not an 18 year old.

The third contribution we make in this work is to demonstrate on real datasets with real-
istic human-machine feature splits that this problem formulation leads to substantially im-
proved predictive performance over only using machine features, or querying only a global
set of features using standard feature selection methods. We do this based on an active-
learning method introduced in“ that we demonstrate effectively solves the optimization
problem we propose for the feature-level synthesis of human+MUL decisions problem. Im-
portantly, we also demonstrate an improvement of the method in® over baselines in real
datasets, something the original paper does not do. We also describe a heuristic addition to
this approach that proves important for consistently outperforming baselines.

Finally, we seek to understand how the query method we apply works by proposing 3
mechanisms for its behavior, and 3 corresponding heuristics to solve the problem of query-
ing features under each of these mechanisms. We demonstrate through simulations that
these heuristics solve the problem when that mechanism is at play, however we also demon-
strate in our real-data examples that none of these heuristics match the performance of the
method we study. This suggests that it is doing something more complex than simply ad-
dressing one of these mechanisms, which also suggests that it may be difficult for a user to

solve this problem rather than relying on this computational approach.
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5.2 ILLUSTRATIVE EXAMPLE OF FEATURE-LEVEL HUMAN+MACHINE SYNTHESIS

The problem of combining human and machine insights to make better predictions has
been well studied, however existing approaches do not consider the case of feature-level
synthesis that we propose. Importantly, this approach allows difterent users with difter-
ent types of insights to contribute to predictions, as the user must have access to some
additional features, but is not required to be an expert decision-maker. We demonstrate
through a toy example how feature-level synthesis can produce correct predictions in cases
where existing approaches with a non-expert user would fail.

Specifically, we compare feature-level synthesis to methods requiring predictions from
the model and human to combine-we call these “post-hoc prediction combinations,” and
methods that provide users with an explanation of the model’s prediction and expect them
to incorporate this information cohesively into their prediction. Both of these are challeng-
ing for users without substantial domain expertise, and produce incorrect predictions in

this simulated scenario, while feature-level synthesis corrects those errors.

5.2.1 PosTt-Hoc PREDICTION COMBINATIONS

Various methods exist for combining the predictions of multiple predictors to improve
performance. Relevant in this setting are mixtures of experts when one expert is a human
(e.g.%*,5°), and methods that triage predictions between human and machine decision-
makers (e.g.5°,*,%?). While these are quite effective in some settings, they can fail in cases
where no individual decision-maker makes a correct prediction. This may often be the
case when the human user is not a domain-expert, as in the case of a patient with relevant

knowledge about their own context, but no formal medical training. Even with domain-
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Figure 5.1: This figure shows a toy dataset with a human feature (y axis) and a machine feature (x-axis) that are both
needed to produce the true decision boundary (solid line). The orange dashed line (v = 0) and the blue dotted line

by = 0) are the best fit lines based on the human and machine feature respectively. Both mis-classify the 2 red-circled
points, but a model that is able to use both features can classify perfectly along y = x.

expert users, there may be cases where neither they nor the ML model make a correct pre-
diction. Synthesizing insights at the feature level can allow for correct predictions even in
these cases.

We illustrate this through a pedagogical toy example of a binary classifier with 2 features—
one of which belongs to the machine feature set, and the other to the human feature set.
Figure C.2 shows this example, where the true labels depend on both features, and the best-
fit lines for either feature alone mis-classify the same 2 points. Any weighted average' of
these 2 wrong predictions would still be wrong, which means that this situation cannot be
addressed with a post-hoc combination of the predictions. On the other hand, if both fea-
tures were available to the model when making the prediction, a linear classifier can easily

separate the points perfectly. This demonstrates that feature-level synthesis can have impor-

tant advantages compared to decision-level synthesis.

We consider the case of weighted averages as this is assumption in mixtures of experts, and the triaging
setting is a specialized case of this where one or the other prediction is chosen.
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5.2.2 EXPLANATIONS

Interpretable ML models that provide explanations (e.g.?*,#°) allow for synthesis of ML
and human insights by allowing the user to understand the ML model’s prediction process
and synthesize it with any of their own insights. However there are scenarios where this
may be challenging for the user, particularly if they are not an expert at the prediction task.

In the pedagogical example in Figure C.2, for example, the ML prediction process is in-
terpretable (i.e. predict1 if x > 0), however it is not trivial to build on this insight to
improve the predictions. A straightforward combination of that explanation and the hu-
man’s decision boundary by taking the “or” of these decision rules is: predict1 if (x >
0 or y > 0). This does not address the errors circled in red. The same is true if we com-
bine the human and machine decision rules with “and.”

Instead, fixing the erroneous predictions requires generating a completely new decision
boundary using both the human and machine features, which is a more cognitively chal-
lenging process that requires substantial understanding of the decision problem. This is

not a process that would be accessible to someone who is not an expert decision-maker.

5.3 PROBLEM DEFINITION AND APPROACH

The key novelty in our problem definition lies in presuming the existence of a set of “human-
features” that can be elicited at test time, and that can improve prediction quality. Our core
intuition is that this problem can be formalized as the problem of how to query a small,

but useful set of human features for each instance, given that we have some way of making

predictions based on them. We first formally describe this problem, then we demonstrate
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that the problem is solvable by describing how the approach introduced in® provides an

effective solution.

5.3.1 PRELIMINARIES

Concretely, we assume a standard supervised learning setup where we have a dataset of N
instances, the machine features, X, that the machine learning model always has access to,
and corresponding labels, Y.

In addition, we assume access to human features X” during training but not at test time
when they must be queried for a cost. We assume the user has access to these features for a
specific instance, which may be the case when the instance corresponds to a representation
of the user—for example their medical history. We assume that, for each instance, we can
query the associated user a small, fixed number of times B, for e.g. less than 1o times, for
the values of specific features. More queries may overwhelm the user. Finally, we assume
that a distinct set of human features may be relevant for each instance. For example, demo-
graphic characteristics such as marital status exist for all patients, but may be less relevant
for indicating social support in an 18 year old patient than a 40 year old.

X7 and X could be any real values, but in our instantiation, we assume X” is binary:

X’ € {0,1}™P>, (The human is best at providing yes-no answers.) We additionally assume
that the labels are categorical, ie. ¥, € {0,...,K}.

We train a discriminative prediction function f to make predictions Y as follows:

Y=A6"X"0X")+ o (s.1)

where 8” and & are parameters for X and X? respectively and ¢ is a bias term. We instanti-
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ate the model class when discussing implementation, but the methods and problem defini-
tion apply generally to models of this form. Fitting these parameters is not the focus of this

work.

5.3.2 DEFINING THE DESIRED OPTIMIZATION OBJECTIVE

We formalize the problem of feature-level synthesis of human+MUL predictions as a con-
strained optimization problem where the goal is to intelligently select B human features to
query at test-time specific to each instance that maximize the predictive quality, L, for that
instance.

For a test instance x, we denote which features in &” have been queried, using a binary
query mask, g € {0,1}"". g, = 1indicates that human feature d has been queried for this
instance, while g, = 0 indicates that it has not been queried.

We can then write the constraint on the number of queries for each instance in terms of

D,
Z% <B (5-2)
d=1

In other words, the number of elements in g must that are queried, i.e. set to 1, should be at
most B.

To make predictions on a test instance where we only have access to queried features
in g, we marginalize out the remaining features (i.e. g; = 0). This is a standard way of
handling missing data. We denote this prediction function as /4%, and use it to predict for

an instance as follows:

P g = [ 8 @) )
%
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where ¥ corresponds to a random variable sampled from the helper distribution p(%’|x™, 4)
defined below, rather than the actual value of #”, as this is unknown.
To define this helper distribution p(¥*|x™, ), first factorize it, as ” and x™ are both high

dimensional, and thus challenging to model jointly. The factorized form is as follows:

PER ", q) HP F|%", qa) (5-4)

We then define the individual dimensions of the helper distribution as follows:

R ly_» if 94 = 1
pE " q0) = (s-5)
p(Elam) if g2 =0

Le. the probability is the same as p(i|«™) if the feature hasn’t been queried, and if the fea-
ture has been queried, the probability of the true value is 1, and zero otherwise.

In practice, we compute the expectation in Equation 5.3 by Monte Carlo sampling:

£« q) Zﬂﬁm &)
@Y~ p(HOam, )
where §'is the number of samples drawn.
Based on this, we can define an idealized optimization objective that optimizes 4 for in-

stance x to minimize predictive loss L between the true label y and the prediction made

using only the machine features and the queried human features in g. This objective can be
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written as follow:

g% = argmin Ly, (", 2, q)) (s-6)

7€{0,1}Ps.t. 0" 44<B

In our results, we operationalize L as f1-score, but other reasonable choices could be made.

5.3.3 APPROXIMATE SOLUTION TO DESIRED OBJECTIVE

Solving this optimization problem directly requires access to the true label, y, which we do
not have for test instances. A such, we use an active learning method proposed by®s to solve
this problem. This approach iteratively selects the query d* for an instance that minimizes
the expected entropy of the marginalized predictions. We give a brief description of this
approach for completeness, but for a more thorough description, see®.

For each query for each instance, this approach solves the following optimization prob-
lem:

* : arg (. n b
d* = argmin Ep(xﬂxm)[H(f’" (", g +15)] (5-7)
defl,....Dblg=0}

where 15 " denotes a onehot vector of size D” where all entries are 0 except at index d where
the entry is 1. The expectation is easy to compute as we assume xfi is binary.

Intuitively, minimizing the entropy finds the human feature to query that will reduce
our uncertainty about the prediction as much as possible. In the absence of true labels, pre-
diction uncertainty gives a reasonable surrogate for Equation 5.6. Taking the expectation
of the entropy w.r.t the missing human features is necessary, as these feature values are un-
known, by assumption, when considering whether to query them.

We solve the full optimization problem by greedily repeating this procedure for each
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query in the budget B. While this is not guaranteed to provide an optimal solution, it is of-
ten employed for similar approaches, e.g.*’, and is generally quite effective. In practice, we
solve the optimization subproblem described in Equation 5.6 by trying all possible values of
d that satisty the constraint. This is a strategy linear in D', and is employed by many active

learning approaches, including®’. Algorithm 2 gives a full description of our procedure.

Algorithm 2 This greedy search-based optimization procedure chooses, at each iteration,
to query the human feature that minimizes the expected marginalized entropy given the
feature is queried.

Given: x”, x”

g+ {0}

forb € {1,...,B} do
d* = argminge ;. pojg,—oy Eppuom [HP (¢ " q + 12)]
g q+12

end for

5.4 IMPLEMENTATION

In order to solve the problem we introduced in previous section, we need to instantiate a
functional form for the prediction function £; and a distribution for approximating p(«”|x™).
We also describe a heuristic approach to boosting predictive performance by re-training the
parameters of the predictive function given the learned query mask, 4. These instantiations
and heuristics are novel additions to the approach described in® and lead to substantially
improved results in our experiments where we demonstrate that this approach outperforms

baselines on real datasets—an insight that was missing from©s.
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5.4.1 DEFINING A FUNCTIONAL FORM FOR [

In practice, we implement f'as a logistic regression model, where we make predictions as

follows:

A

Y=o((8")"X" 4+ (6")'X" + ) (5.8)

Where ” and &’ are weight vectors in RP7» and RP» respectively, and @ is an intercept term

in R.

5.4.2 APPROXIMATION p(«”|x™)

The marginalized prediction function, /"¢, and the expectation in Equation 5.7, depend
on p(x"|x™). We approximate this quantity from the data at train time. In order to fit the
approximation p(x”|x™ ), we model each dimension of x” with an independent logistic re-

gression model, as the features in ¥ are binary. For a dimension d, we define:

Plxali) = olwgv, + wy) (5:9)

where w, is a weight vectors in RP» and wY is an intercept in R. We train parameters wy
and v to minimize the log-loss between p(X%|X™) and X, for each dimensiond € {1, ..., D"}
using the training set. While more expressive approximations to this distribution are possi-

ble, we found this one to be sufficient in practice.

5.-4.3 IMPLEMENTATION HEURISTIC: RE-TRAINING WITH QUERY Mask

We describe a retraining heuristic that boosts performance. The parameters of the predic-

tion function, 8", ¢, @ are trained assuming that the dataset includes the human features
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in addition to the machine features. We address this by marginalizing out unqueried di-
mensions when predicting, but we can do better in practice by re-training the parameters
using query masks optimized for the training set.

In this case, rather than marginalizing the unqueried features to make predictions, we

cro

zero them out. We define a prediction function £ as follows:

Frn o q) = (0" % + (@) ©q) + p) (5.10)

and fit the re-trained parameters g”, @h, and @ using a standard approach on the trans-
formed dataset: (X, (X* ® Q), Y). Q s the matrix of feature query masks fit using the

approach described in Section 5.3.3 on the training set. At test time, we make predictions

cro

using .
5.5 EXPERIMENTS

We ran experiments simulating our proposed problem setting in 2 real domains, where
we focus on 3 key research questions: 1) Can a small set of human features substantially
improve performance over a machine-only baseline? 2) Does querying features for each
specific instance lead to performance improvements over global feature selection from the
human features? 3) Qualitatively, why does querying difterent features for each instance
matter? We use the approach described in® and operationalized for our problem setting to
answer these questions.

Our results demonstrate that the instance-specific queries to a human feature set can

substantially improve performance, and that the method in® with our retraining heuristic
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provides an effective solution to this problem. Finally, in Section 5.6, we provide additional
results comparing this approach to some simple heurstics to better understand where the
performance gain comes from. We also include qualitative results and results on an illustra-

tive toy example in Appendix B.

5.5.1 EXPERIMENTAL SETUP

BASELINES  We compare the proposed solutions to two baselines and one oracle upper
bound. The upper bound consists of a model with the same functional form as £ (i.e. logis-
tic regression) trained using both the machine and human feature sets, i.e. X and X" ~we
denote this a/l-features. This would be what would be possible if, at test time, we could
query the human for 4// their features rather than a subset. The first baseline consists of an-
other logistic regression model trained with only the machine feature set, i.e. X, we denote
this machine-only. This is the performance of the model with no access to human features.
The second baseline consists of a standard feature selection (denoted feature-selection) ap-
proach where the same B human features are queried for all instances, rather than a distinct
subset of human features being queried for each instance. This allows us to demonstrate
the importance of instance-specific human feature queries.

We implement the feature selection baseline using a greedy forward selection strategy
(see®* for an overview) where, for each of the B features to add, we re-train the model adding
each remaining human feature and choose the feature with the best validation performance
(computed using f1-score, as this is the metric used in our results). This is a standard and

effective approach to feature selection.
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Figure 5.2: Test f1-score as a function of B for both instance-wise feature selection methods, baselines and upper
bound in recipe dataset. Error bars are standard errors over 10 random restarts. all-features performs best and machine-
only worst with the methods using a subset of human features in between. entropy-selection and entropy-retrain both
substantially outperform feature-selection, demonstrating the importance of instance-wise feature selection.
HyPERPARAMETERS Weset B = 10 as this is a manageable number of features for a
single user to provide, and the number of Monte Carlo samples S = 5000 to minimize
this source of approximation error. We select hyperparameters to maximize f1-score (the
metric we report) on the validation set, except in the case of the models for p(x”|x™), where
log-loss is minimized instead. This is to encourage those models to accurately model the

probability distribution they approximate. See Appendix 1 for additional hyperparameter

details.

DataseTrs  To illustrate the performance of our proposed approach, we use two real
datasets: a recipe dataset’ where the goal is to predict the cuisine of a recipe (e.g. Italian

food) based on the ingredients, and a bzrds dataset V2

where the goal is to predict the type
of bird (e.g. crow) based on some crowdsourced attributes of an image of a bird. After pre-

processing, the recipe dataset consists of 6k instances (subsampled to that size for computa-

*https://ww.kaggle.com/datasets/kaggle/recipe-ingredients-dataset train.json file
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Figure 5.3: Test f1-score as a function of B for both instance-wise feature selection methods, baselines and upper
bound in birds dataset. Error bars are standard errors over 10 random restarts. In both, all-features performs best and
machine-only worst with the methods using a subset of human features in between. entropy-retrain eventually outper-
forms baselines, but entropy-selection performs slightly worse, demonstrating the importance of our retraining heuristic.
tional reasons); 120 features, and 20 classes, and the bzrds dataset consists of sk instances;
171 features; and 36 classes. See Appendix 1 for additional pre-processing details.

We split the feature sets between X and X” to facilitate running experiments with ground
truth values of X”. We construct these feature splits so that X consists of a smaller set of
features that are “simpler” in some way, and X consists of a larger set of features that are
more “complex”. In the recipe dataset, we split the features so all single word ingredients
(33 features) are in the machine feature set, and all 2+4- word ingredients (87 features) are in
the human feature set. For the bzrds dataset, we split them so all non-color-related words

(48 features) are in the machine features, and all color-related words (123 features) are in

the human features.
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5.5.2 RESULTS

In our experiments, we compared the predictive performance of the vanilla method pro-
posed in® (entropy-selection) and our retraining heuristic described in Section s5.4.3 (entropy-
retrain) against baselines and the a//-features upper bound. We report test f1-score for all of
these across values of B. Results are reported as the mean and standard deviation over 1o
random restarts of the train/valid/test splits and any subsampling. Figures 5.2 and 5.3 show

results in the recipe and birds domains respectively.

THE FULL SET OF FEATURES OUTPERFORMS MACHINE-ONLY, SUGGESTING THAT THE
HUMAN FEATURES CONTRIBUTE SUBSTANTIALLY TO PREDICTIVE PERFORMANCE. In
both datasets, a//-features performs substantially better than machine-only. In the recipe
dataset, the gap in f1-scores between these methods is 0.18, while in the birds dataset, the
gap is 0.26. This suggests that there is substantial improvement to be gained from finding

ways to use the human features in predictions.

ALL 3 APPROACHES THAT QUERY HUMAN FEATURES ARE ABLE TO CLOSE A SUBSTAN-
TIAL PORTION OF THE GAP BETWEEN ALL-FEATURES AND MACHINE-ONLY WITHIN
JUST 10 QUERIES. In both datasets, the entropy-selection, entropy-retrain and feature-
selection methods all substantially improve performance over machine-only. The 2 entropy-
based methods we propose close half or more of the performance gap by the 1oth query in
both datasets, while feature-selection only achieves this in the birds dataset. This is true de-
spite the 10 queries covering only 12% of the human features in the reczpe dataset and 8% of

the features in the bzrds dataset. This suggests that querying a small number of relevant hu-
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man features is a viable strategy to substantially improve performance of ML models that

have access to only a subset of relevant features.

ENTROPY-SELECTION HAS VARIABLE PERFORMANCE COMPARED TO FEATURE-SELEC-
TION, OUTPERFORMING IT IN SOME CASES AND UNDERPERFORMING IT IN OTHERS.

In the recipe dataset, entropy-selection, performs similarly to entropy-retrain, which al-

lows it to substantially improve over feature-selection starting on the 4th query. In the

birds dataset, entropy-selection actually performs worse than feature-selection for the first 6
queries, then performs similarly. This suggests that the vanilla method proposed in? with-
out the retraining heuristic is promising, but not always effective—at least given a limited
number of queries. See Appendix C.r1 for a follow-up experiment showing that the entropy

method eventually outperforms the baseline after an initial round of feature-selection.

OUR PROPOSED ENTROPY-RETRAIN APPROACH OUTPERFORMS FEATURE-SELECTION
IN BOTH DATASETS AFTER SUFFICIENT QUERIES, AND NEVER UNDERPERFORMS IT. In
the recipe dataset, entropy-retrain outperforms feature-selection starting from the 2nd query
onwards. In the bzrds dataset, entropy-retrain performs comparably to feature-selection for
the first 6 queries, then outperforms it for the last 4. The performance improvement is par-
ticularly marked in the recipe domain, where entropy-retrain’s f1-score after 1o queries is
0.3 compared to only 0.26 for feature-selection. This suggests that querying unique human
features for each instance can improve performance over a shared set of features queried for
the entire dataset. It also suggests that our proposed retraining heuristic in entropy-retrain

is important for achieving these performance gains.
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5.6 UNDERSTANDING WHY THIS WORKS

In the experiments above, we demonstrate that the problem formulation we put forth is
potentially impactful, as querying these instance-specific human features improves perfor-
mance, particularly over a feature-selection baseline that chooses the same features for all
instances. However, these results do not help us understand why the method introduced
in® that we apply to solve this problem works. More importantly, can we make any guesses
about how this method would compare to an approach where we ask users directly for the
features they feel are relevant rather than computationally suggesting them? While fully
answering this questions requires a user study, which we do not do in this work, we pro-
vide some preliminary results towards answering this question by proposing some plausible
mechanisms for the method we use; deriving some heuristics based on those methods that
a user might be able to apply in practice; and demonstrating that in our real-data examples,
these heuristics are not sufficient to solve the problem as effectively as the entropy-based

acquisition function.

5.6.1 PROPOSING MECHANISMS FOR ENTROPY-BASED FEATURE ACQUISITION

We propose three mechanisms through which the entropy selection approach may be
working. For each of these, we describe a data generating process where this mechanism

would be a sensible approach to the problem.

MECHANISM 1: GLOBALLY IMPORTANT FEATURES The first mechanism we consider
is that entropy selection works by choosing features that are globally important across the

dataset. This corresponds to choosing features that are highly predictive for all instances
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to query, rather than doing something more instance-specific. A data generating process
where this would be a reasonable approach is the case where X, and X}, are generated inde-
pendently, however both contribute to predictions. In this case, since X, doesn’t provide
us with any information about Xj,, the best we would expect to be able to do for queries is

to choose features that are important on average.

MECHANISM 2: REFINING PLAUSIBLE CLASSES The second mechanism we consider is
that X, provides enough information to narrow down the set of plausible labels (as we con-
sider multi-class prediction problems), and then the entropy approach chooses predictive
features that differentiate between that set of plausible labels. Additional qualitative re-
sults in Appendix C provide some evidence suggesting this may be happening in the recipe
domain. A data generating process where this would be a reasonable approach is the case
where X, is drawn from the same distribution for small groups of class labels (for example,
French and Italian food), then X}, is drawn with a subset of dimensions having high proba-
bility that differentiate between the group of plausible class labels. In this case, X,, focuses
us in on a set of plausible classes, then X, allows us to distinguish accurately between those

options.

MECHANISM 3: PROPOSING SURPRISING FEATURES  The third mechanism we consider
is that X,,, provides information to accurately guess much of X),, but that depending on

the values of X,,,, some dimensions of X}, may be a surprise. For example, a recipe that uses
garlic is also likely to use onions, and a recipe that uses cream cheese frosting is unlikely to
use onions, making the question of whether a recipe uses onions unlikely to be a surprise if

we know it uses garlic or cream cheese frosting. On the other hand, if a recipe uses butter,
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it may or may not use onions, making the feature value of onions surprising in this context.
This mechanism suggests that we may want to know the values of features that we cannot
guess based on X,,. A data generating process where this would be a reasonable approach is
the case where different values of X, reduce uncertainty about different dimensions of X,

and then Xj, is drawn according to these probabilities.

5.6.2 PROPOSING HEURISTICS TO ADDRESS MECHANISMS

We lay out a heuristic to address each of these proposed mechanisms. We first argue why
these are plausible heuristics for how someone might approach solving this particular prob-
lem, then demonstrate on toy-data simulations that these heuristics work when there is a

match between the mechanisms needed by the dataset, and the heuristic.

HEuRrisTIC 1: FEATURE SELECTION  The heuristic we propose to address the first mech-
anism is the feature selection baseline we study in the previous set of results. This baseline
makes a global choice of which dimensions of X}, to query based on which are generally
most predictive overall. This is a good strategy in the case of mechanism 1, where X, does

not provide sufficient information to personalize beyond this.

HEURISTIC 2: FEATURE IMPORTANCE FOR TOP CLASSES  The heuristic we propose

to address the second mechanism is to first define a set of plausible predictions based on
2(7|X,,), then to select the most important features related to only these classes. This is a
reasonable heuristic in the case of the data generating process described with mechanism 2
where X, allows us to narrow in the prediction to a set of plausible options, and then the

role of X}, is to choose between these plausible options. We implement this by identifying
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Figure 5.4: Test f1-score as a function of B for the vanilla entropy approach and the 3 heuristics. Each plot corresponds
to a dataset designed based on a different of the 3 mechanisms (1 to 3 left to right). In each case, the corresponding
heuristic performs as well or better than the other 2 heuristics, as expected. The entropy approach performs at least as
well as the best heuristic in each case as well.

plausible classes as those where p(y,|X,,) > 1/K where K is the number of classes, and

so 1/K is the uniform probability. We then rank features by the largest magnitude of any

weight related to this feature in the set of weigths for these plausible classes.

HEURISTIC 3: FEATURE UNCERTAINTY  The heuristic we propose to address the third
mechanism is to choose the features to query with the highest uncertainty based on the
(X, X,,). This addresses the case in mechanism 3 where X, allows us to predict some as-
pects of X, very well (and perhaps different dimensions of X), depending on X;,), but that
other dimensions remain uncertain. In this case, knowing the feature values of these uncer-
tain dimensions will help us refine our estimates of X}, used in prediction. We operational-
ize this as sorting features to query by the magnitude of the deviation of their probability
given X, from o.5. Le. [0.5 — p(X}|X,,)|.

Generating toy datasets “Toy independent” is generated according to mechanism 1, and

has both X, and X, generated independently from Bernoulli(o.1). y is generated from a
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random logistic regression model that we describe in more detail below. “Toy label” is gen-
erated according to mechanism 2 and has X,,, generated independently from Bernoulli(o.1)
as before. We then generated grouped labels in group labels ¢ using X, that indicate that an
instance belongs to one of K specific classes. L.e. we generated groupings that tell us, for ex-
ample, instance 1 is label A or B, and instance 2 is label E or F. Then, we generate X, based
on g such that each dimension of X}, is matched to a dimension of g, and if the label belongs
to that grouping for an instance the probability that the JX), dimension will have value 1 is
0.5, and otherwise it is 0.01. We then generated y from a random logistic regression model
based on X, and X),. Finally, to generate “Toy features” for the features mechanism, we
generated X, as in the other 2 cases. Then we generated X), based on X, such that each di-
mension of X, is matched to a dimension of X,,,, and if that X,, dimension has value 1 for
an instance the probability that the X, dimension will also have value 1 is 0.5, and other-
wise it is o.o1. In practice, this means that observing the relevant X, makes the X, value
highly uncertain, whereas otherwise it is most likely negative. We then generated y from

a random logistic regression model based on X, and X,. To generate the random logistic
regression outputs, we generate random weights from a normal distribution with mean

1. and variance o.1. We repeat this process until we find weights that generate an approxi-
mately even distribution over outcomes—i.e. the minimum class prior probability is within
0.05 of the uniform distribution. For each dataset, we generate 10000 samples with 10 ma-

chine features, 20 human features, 6 classes, and 3 groups of size 2.

HEURISTIC VALIDATION  Figure 5.4 shows the results of the 3 heuristic-based approaches
and the entropy approach in each of the toy datasets. In each case, the corresponding heuris-

tic performs as well or better than the other 2 heuristics. In the label and feature cases, the
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Figure 5.5: Test f1-score as a function of B for both the entropy approach, and proposed heuristics 2 and 3 (heuristic

1 was explored in previous results). Error bars are standard errors over 10 random restarts. The entropy approach sub-
stantially outperforms these heuristics, demonstrating that it is not only acting through one of these simple mechanisms.
heuristics match the performance of the entropy method, suggesting they are effective
when that mechanism is at play. In the independent case, the feature selection performs

slightly worse than entropy selection. This demonstrates that, when the data has the corre-

sponding mechanism, the heuristics we designed make sense and work eftectively.

5.6.3 DEMONSTRATING THAT HEURISTICS ARE INSUFFICIENT IN REAL DATA

Finally, we demonstrate in our real-data examples that these heuristics all underperform the
entropy-selection approach. We focus on heuristics 2 and 3 as heuristic 1 was discussed in
detail in Section 5.5, including caveats about sometimes needing to first add global features
to see good performance. This suggests that the entropy approach is doing something more
nuanced than simply applying one of these heuristics, and provides evidence that the task
of proposing a good set of features would be challenging for a user without these computa-
tionally defined queries.

In both datasets, the entropy approach substantially outperforms the labeling and
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Figure 5.6: Test f1-score as a function of B for both the entropy approach, and all 3 of our proposed heuristics. Error
bars are standard errors over 10 random restarts. The entropy approach substantially outperforms heuristics 2 and 3.
The caveats about when the entropy approach outperforms the feature-selection baseline in this dataset remain.
feature uncertainty heuristics, suggesting that these heuristics and their correspond-
ing mechanisms are not sufficient to explain the good performance of the entropy ap-
proach. Figures 5.5 and 5.6 show the performance of the three heuristics compared to the
entropy approach in the recipe and birds datasets respectively. In both of these cases, the
entropy approach substantially outperforms the class-heuristic and the uncertainty heuris-
tic. We discuss the feature selection heuristic in detail in Section s.5. This suggests that
neither of these simple heuristics explains the performance gain from the entropy selection
approach.

In both datasets, the labeling heuristic performs substantially better than the fea-
ture uncertainty heuristic, suggesting that it may be a closer approximation to how
the entropy method works. The uncertainty heuristic does not appear to particularly
improve the performance of the prediction over the machine-only baseline. However the
class-heuristic does improve performance with additional queries, suggesting that while it

does not reach the full performance of the entropy method, it may, in part explain its posi-
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tive performance.

Summarizing insights While these heuristics do not tell us exactly how a user would
choose to select features to provide values for, they do provide some insights that these
relatively simple strategies are not sufficient for reaching the performance of the entropy
selection method. This suggests that it may be difficult for users to match this performance
as well. In addition, even these heuristics require some understanding of the ML model’s
behavior. These can be communicated to users, but even these simple strategies may not be

intuitive to the user.

5.7 RELATED WORK

HumaN FEATURE INPUTS TO ML PREDICTIONS  Approaches to incorporate human
features as inputs to ML predictions exist, but address different problem settings. Some

13,82,100

methods use crowdworkers to label features (e.g. 77, however these are employed

at train time in conjunction with model development, and assume all features will be la-
beled at test time. Interactive symptom checkers query patients for symptoms to help them
explore diagnoses. Systems including®® have hard-coded rules about which features to
query, rather than learning them.” does algorithmically select relevant queries using un-
certainty over feature values, which is similar to our approach, but models associations be-
tween symptoms and diseases are hard links which does not accommodate general classes of
machine learning models. Finally, in geospatial settings, estimation fusion techniques can
make predictions combining multiple sensors, some of which can be human-based (see****

for an overview). In contrast, we study a setting where only a small number of human fea-

tures can be queried at test time, and propose methods that are applicable for arbitrary ML
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models on tabular datasets.

METHODS FOR INSTANCE-WISE FEATURE SELECTION  Various methods have been pro-
posed to select subsets of informative features for specific instances, however none of these
specifically address the use case we study. In the active learning vein, we focus on the ap-
proach proposed in® as an effective solution to the problem we study. Other active learn-
ing approaches solve slightly different problems, including76, and”®. Other approaches to
instance-wise feature selection at test time include:*” which uses deep learning to discover
subsets of predictive features and '>*?, which learns a function to extract a subset of features
that are most informative for a given example by maximising the mutual information be-
tween some selected features and the response variable. While multiple of these approaches
may be effective in this setting, our focus is on defining the problem of feature-level syn-
thesis for human+ML decision making and demonstrating that an effective solution exists,

rather than finding the best solution to this problem.

5.8 EvaruaTioN oF “CHECKS”

Some of the checks evaluate by assumption or by design of the method, and some we evalu-
ate experimentally with computational proxies for human input. In future follow up exper-
iments, we aim to evaluate some of these questions further with real human input.

HQ1 and HQ2 we evaluate by assumption. We assume that labeling features for an in-
stance that represents the user is not particularly challenging, as it corresponds to answering
questions about their lives like, for example, are they married, or do they exercise at least 3x

a week. We also assume that they can accurately answer these questions for the same reason,
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evaluating HQ2. There may be questions with less clear-cut answers, and whether and how
these fit into this framework is an interesting open question.

HQ3 and HQ4, we do not directly evaluate in this work, however we believe this is an
interesting avenue for future human studies to understand how this method works in prac-
tice. For HQ4, we do assume that the user will not be able to easily make this prediction
themselves as they are, by assumption, not a domain expert who is trained in making the
prediction at hand.

MQ1 and MQ4 we evaluate using distinct feature sets in the semi-synthetic experiments
we run (where the data is real but the split between machine and human features is syn-
thetic). MQ1 is answered by the ‘all features’ upper bound, which performs better than the
machine-only baseline—this answers question MQ4. MQ2 we evaluate through the end-
to-end performance of the system rather than directly. MQ3 we evaluate by comparison to

baselines—most importantly feature selection which provides an analogous way of choosing

qg.

5.9 DiscussioN AND CONCLUSION

In this work, we define the problem of feature-level synthesis in human+ML decision mak-
ing and contrast it to existing approaches for combining human and ML insights. We ar-
gued that, in contrast to existing approaches for synthesising human and ML insights, this
approach provides a way of incorporating insights from users without specific decision-
making expertise in the domain, but who may have important insights about instances
with which they are associated. We then formalized the problem of feature-level synthesis

as querying an instance-specific set—¢ of informative feature values—b, from the user un-
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der a query budget, and demonstrated how an approach introduced by can be used to
solve this optimization problem. Finally, we showed in experiments on real datasets with
realistic human-machine feature splits that using this approach with an additional heuristic
we proposed results in improved performance over not using the human features, or using
only a global subset of them. This demonstrates the value and feasibility of this problem of
feature-level synthesis in human+ML decision making.

While we do not evaluate how well users could select a set of reasonable feature queries
for their own instance, we do propose a set of mechanisms to explain the performance of
the entropy method, as well as corresponding heuristics for more simply achieving this per-
formance. We demonstrate that these are not sufficient for achieving the same performance
as the entropy approach, suggesting that this strategy is doing something more complicated
that may be difficult for a user to match—particularly without a deep understanding of the
underlying ML models.

We do, however, make assumptions in this work that, while plausible, merit further
study. We propose a method that works given a predictive set of human features, however
this may not always be the case. Additionally, even when human features are important,
they may be distinct from machine features in ways that impact how they can be used for
prediction. For example, important human features such as pain may be more subjective
than some machine features. Future approaches could explore ways to identify specific use
cases where human features exist and are informative, and methods to account for subjec-
tivity when querying human features. Finally, the assumption that we have access to the
human features at train time limits the contexts in which this method can be used. Future

work can explore relaxing this assumption by incorporating active learning techniques to
g y g g q
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query only those human features that are truly needed to train the model.

In addition to these questions, we see when applying the checks discussed in Chapter 2
that there are additional open questions on the human side. Importantly, these include
how well non-expert decision makers can make predictions compared to this approach, and
how well users can choose the set of feature values to give for their instance. Having this set
of checks can illuminate places like these were human experiments can contextualize the
usefulness of this approach.

We demonstrated the importance and feasibility of feature-level synthesis in human+ML
decision making as a way of providing non-expert users with effective ways to interact with

predictions of ML models that affect them.

92



Discussion, Conclusion and Future Work

In this thesis, we developed a framework for optimizing ML systems to operate in spe-

cific sociotechnical contexts based on learning useful proxy functions of important hu-
man properties. Our contributions include a formal description of the framework, a set of
guidelines for developing methods under this framework, and three case studies of methods

that instantiate this framework for different choices of human properties.
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6.0.1 DiscussioN

We first summarize insights derived from applying this framework and the evaluation tem-
plate to the 3 methods discussed in this thesis. These insights fall into the categories of re-
flecting on our proposed “checks;” considering at what level of specificity to define goals;

and considering different categories of human proxies that are useful for evaluating the

checks.

REFLECTING ON THE GOAL OF USING LEARNED PROXIES TO OPTIMIZE FOR SOCIOTECH-
NICAL CONTEXT The goal we put forth at the beginning of this thesis is to develop meth-
ods that allow us to optimize machine-learning models to work better in socio-technical
systems. Does this framework of learning proxies for human functions allow us to do this?
In the three works we discuss in this thesis, this framework does not fully solve the problem
of how to optimize ML models for socio-technical systems, however it does provide one
useful tool for doing so given a specific abstraction of an interaction between a user and an
ML model. ML models can play different roles in decision-making including as an aid to
both patients and clinicians, or as a way of counteracting resource constraints**. Deciding
on the role of the ML model is an important aspect of this—one we operationalize through
the choice of the human function 4. Once this has been decided, our framework allows us
to optimize models based on a reasonable approximation of h. However, the choice of /-
i.e. how users and ML models interact, is challenging. One way to approach this is through
careful work with users to understand their needs from ML systems such as the work de-
scribed in Jacobs et al. >*. We hope to incorporate this style of work into choosing appropri-

ate human functions in future projects.

94



REFLECTING ON PROPOSED “CHECKS”  In analyzing if and how we evaluated each of
the proposed checks for our framework, we can pull out common themes, best practices,
and areas for improvement. The three trends we discuss are the challenges in completing
the human evaluation final step, the choice to address some checks by assumption, and the
choice to evaluate systems end-to-end rather than addressing each check individually.

The first trend across these 3 works is the difficulty in getting to the final stage of hu-
man evaluation. In Chapter 3, we ran a user study to test our method and found some
unexpected surprises, such as the high variance of human responses to the task. In the
other two systems, we leave the full testing of the system for future work. Our proposed
template leaves answering the human questions with real human data as the final step in
evaluation, which means that step is also the most likely to be left to future iterations of
a project. It also means that by the time we run this evaluation, it is late to make any sub-
stantive changes to the method. Evaluating the system with reasonable proxies for human
responses addresses some of these concerns, but will not address cases where both our prox-
ies and our method overlook important aspects of a human function, such as the surprising
response variance in Chapter 3.

The second trend is the evaluation of some questions—particularly related to the human
experience of the task, by assumption rather than experimentally. HQ1 and HQ2-related
to the ease of completion of the task for the user, and the accuracy of their response, we
generally settled by assumption based on how we designed the specific task. For example,
we assumed in Chapter!4 that providing feedback on a specific feature-concept pair, would
not be too difficult, however providing a full concept definition by hand likely would be.

These two cases are extreme examples where our assumption about their relative difficulty
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is likely correct without needing to test it experimentally, but there are also potential tasks
with much more nuanced differences between them wrt to HQ1 and HQ2. Evaluating
these differences experimentally may help us make more nuanced choices about task design.
The third trend relates to the choice to evaluate the system end-to-end rather than to
evaluate each sub-piece of the questions separately. For example, in Chapter 4, we evaluate
the full system performance, convolving the learnability of the function and the quality of
the query set. While this works fine when both work, it does not provide feedback about
exactly which part is breaking in cases where it is not working yet. These questions can be
used to guide that inquiry, however in cases where a full system works, that may not be

necessary.

DEFINING GOALs A second key insight after contextualizing the three works in this the-
sis under our framework is the question of at which level of specificity to define the goal.
The main argument in our framework is that we can more effectively incorporate human
insights into the training and deployment of ML systems with learned computational prox-
ies for human feedback, rather than hand-derived proxies. However this moves the hand-
defining work from defining the proxy itself, to defining a task that can be used to learn the
proxy. In some cases, the task and goal may be relatively clear-cut, for example in Chap-

ter 5, where the task is to fill in missing feature values and the goal is to improve predictive
performance. In other cases, the link between the task and the overall goal of incorporating
human insights is more tenuous. For example, in Chapter 4 where the goal we stated is to
learn a set human-aligned concepts. However there is a higher-level goal implied, which is
to allow users to make more effective decisions with the input of ML systems. There is also

the lower-level goal of associating features and concepts correctly. Our task definition is
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clearly linked to the lower level goal, but as we zoom out and define the goal more broadly,
untested assumptions come in. How to link high-level goals with specific, actionable tasks
that preserve those properties, but efficiently address a subpart of learning or operating an

ML system is an interesting open question.

HUMAN PROXIES FOR TESTING. Finally, we notice in our discussion of results that there
are two kinds of hand-derived human proxies we use in these results, and reflect on their
importance to answering different questions. The first kind of proxy is generalizable—i.e.
computable for a new dataset without new hand-engineering. This allows it to be used in
optimization without requiring human feedback. Examples include correlation between
features, mean path length of a decision tree, etc. The other kind of proxy is hand-derived
for a specific data—for example the hand-derived concepts in Chapter 4. These cannot be
used in optimization for a new dataset without re-hand-deriving them, however they can be
useful in allowing us to upper bound performance, answering questions about the useful-
ness of the defined human function without convolving it with our ability to learn a model
of the function, or select a useful query set. More clearly specifying which of these types of
proxies is most appropriate for answering the questions in each of the checks is future work

that will provide further insights into applying those checks in practice.

6.0.2 FuTture WoRrk

In addition to these insights, there are many concrete avenues for future work. We focus on
two main aspects: 1) broadening the set of considerations in the “checks” we propose; 2)

other “template” approaches for balancing the cost of evaluating the “checks”.
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VALIDATING THE USE OF LEARNED PROXIES AGAINST OPTIMIZING MODELS DIRECTLY
WITH HUMANS. In this work, we argue that proxy functions are a valuable way to save
human time in function-evaluation-intensive ML optimization frameworks. We introduce
tools for learning proxy functions from real human responses to incorporate human feed-
back into these data-intensive optimizations. While we demonstrate through simulated
results and some user studies that these can extrapolate reasonable approximations of what
true human functions 4 look like in practice, further studies can further explore the claim
that more queries to a lower quality approximate human function during optimization are

more useful than few queries to an exact human function.

BROADENING CRITERIA FOR SUCCESS.  The checks we provide to evaluate methods fo-
cus on performance, but there are other important aspects of decision-making like fairness
and human agency. For example, in Chapter 3, the human function evaluation requires
users to answer questions that are not transparently related to the model parameters limit-
ing the agency the user has in this process. In contrast, in Chapter 4, the human function
evaluation allows users to give direct feedback on the model parameters in a transparent
learning process. While this gives the user more agency over the optimization, this desirable
property is not formalized in the “checks” we propose.

Future work could expand the checks to include other dimensions of human-ML inter-
actions when considering the success of a particular problem formulation. This could help
prioritize the development of methods that not only produce accurate decisions, but also

consider qualitative aspects of how users interact with the system.
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CONSIDERING OTHER TEMPLATE APPROACHES. The “template” we describe provides
one way to approach the two problems of the expense of evaluating many of the checks,
and the dependence of the human and machine checks. However there are other possible
approaches which may have distinct advantages and disadvantages. Our approach focuses
on spending the method development cost before the user evaluation cost by developing
methods with human proxies. However this has the disadvantage that one could develop
methods that work for proxy human functions, but not the real thing. In Chapter 3, we
developed a method without considering the noisiness of the human function. When we
evaluated the method with users, we found that the variance of the function estimates were
higher than expected because of this. While the method works anyways, and would simply
require the collection of more data to reduce the variance, this may not always be the case.
One could alternatively approach the problem with the opposite strategy by first run-
ning user studies to evaluate the human properties, then using those results in develop-
ment. In this case, it would be useful to have a way of guessing whether a specific human
property would lend itself to method development in an analogous way to how we use hu-
man proxies to guess whether a method will work with human input. Which of these ap-
proaches is more appropriate for developing methods under this framework, and in which

contexts, is an open question.

6.0.3 SUMMARY

In summary, methods that learn an approximation to important, missing human prop-
erties can be used to optimize ML systems to operate in sociotechnical contexts without

the cost of constantly querying users for the property. In at least some contexts, they also
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improve over hand-specified proxies that are not learned using human-property data. We
present a framework for formalizing methods of this type, and guidelines for developing

new methods under this framework.
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Method 1: Optimizing for the Human

Interpretability Function

A.1 SiMILARITY KERNEL FOR MODELS AND GP PARAMETERS

Model-based optimization requires as input a notion of similarity. We use an RBF kernel

between feature importances for decision trees, and between a gradient-based notion of fea-
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ture importance for neural networks (average magnitude of the normalized input gradients
for each class logit).

We use the scikit-learn implementation of Gaussian processes®®. We set it to normalize
y automatically, restart the optimizer 10 times, and add 2 = 1077 to the diagonal of the
kernal at fitting to mitigate numerical issues. We used the default settings for all other hy-
perparameters, including the RBF kernel (on the model features above) for the covariance

function.

Synthetic Dataset
Interpretable Uninterpretable

-l

Figure A.1: We build a synthetic data set with two noise dimensions, two dimensions that enable a lower-accuracy, in-
terpretable explanation, and two dimensions that enable higher-accuracy, less interpretable explanation. The purple
data points are positive and the yellow are negative. Data points were generated for each set of two features indepen-
dently, then points sharing the same label in all dimensions were randomly concatenated to form the final dataset.

A.2  ExPERIMENTAL DETAILS: IDENTIFYING A COLLECTION OF PREDICTIVE MODELS

We train decision trees for the synthetic, mushroom and census datasets with a test accu-
racy thresholds of 0.9, 0.95 and 0.8 respectively. On the synthetic dataset, 0.9 is slightly
higher than the accuracy we can achieve on the interpretable dimensions. We make this

choice to avoid learning the same, simple model over and over again. On the mushroom

dataset, we can achieve a validate accuracy of 1 with decision trees, and on the Census
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dataset, we can achieve a validate accuracy of 0.83 with decision trees. In both cases, we
set the accuracy thresholds slightly below these numbers to ensure that we can generate
distinct models that meet the accuracy threshold. For each of these, we train S00 models.

To produce a variety of high-performing decision trees, we randomly sample the follow-
ing hyperparameters: max depth [1-7], minimum number of samples at a leaf [1, 10, 100],
max features used in a split [2 - num_features], and splitting strategy [best, random].
The first two hyperparameters are chosen to encourage simple solutions, while the last two
hyperparameters are chosen to increase the diversity of discovered trees. We use the scikit-
learn implementation?, of decision trees and perform a post-processing step that removes
leaf nodes iteratively when it does not decrease accuracy on the validation set (as in Wu
etal.”®).

We train neural networks for the covertype dataset with an accuracy threshold of 0.75.
We can achieve an accuracy of 0.71 with logistic regression, so we set the threshold slightly
above that to justify the use of more complex neural networks. For the neural network
models, we randomly sample the following hyperparameters: L1 weight penalty [0, 0.0001,
0.001, 0.01], L2 weight penalty [0, 0.0001, 0.001, 0.01], L1 gradient regularization [0,
0.01], activation function [relu, tanh], architectures [three 100-node layers, two 100-node
layers, one 100-node layer, one 25-node layer, one 250-node layer]. These are then jointly
trained according to the procedure in Ross et al.”> for SO epochs for batch size 512 with
Adam. (We train between 1 and 4 models simultaneously, another randomly sampled hy-

perparameter). For this dataset, we train 250 models.
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It I Optimize for the Wrong Hyperparameters, How Does Region Size Affect Region Sensitivity on Covertype?
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(a) We found the best model by each proxy for every
setting of the region hyperparameters, and computed
its rank by the same proxy for every other setting of the
region hyperparameters. Each X corresponds to one
of these pairs. The highest values all correspond to the
variance scaling factor 0.1. The other two settings of
this hyperparameter tend to agree on how to rank neural

(b) We found the best model(s) by each proxy and com-
puted their rank by the same proxy computed on a sample
of data points. The comparable values of the lines across
all three plots indicate that we need a similar number of
samples to robustly rank neural networks for the smallest,
middle and largest region settings (we do not include cross

networks. pairs).

Figure A.2: Neural network local explanation sensitivity analysis

A.3  EXPERIMENTAL DETAILS: PARAMETERS AND SENSITIVITY TO LocaL REGIoN CHOICES

We can ask humans to perform the simulation task directly using decision trees, but for the
neural networks, we must train simple, local models as explanations (we use local decision
trees). This procedure requires first sampling a local dataset for each point x we explain.
We modify the procedure in Ribeiro et al.®* to sample 10, 000 points x’ in a radius around
the point x defined by its 20 nearest neighbors by Euclidean distance. We then binarize
their predictions M(x") to whether they match A(x) and subsample the more common
class to balance the labels. We do not fit explanations for points x where the original sam-
pled points x” have a class imbalance greater than 0.75; we consider these points not on the
boundary. Finally, we return the simplest tree we train on this local dataset with accuracy

above a threshold on a validate set. We randomly set aside 20% of the sampled points for
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validation, and use the rest for training. (Note: if we were provided local regions by domain
experts, we could use those.)

Our procedure for sampling points around some input x uses two hyperparameters: a
scaling factor for the empirical variance, and a mixing weight for the uniform distribution
for categorical features that we use to adjust the empirical distribution of the point’s 20
nearest neighbors. We use 0.01 to weight the variance and 0.05 to weight the categorical
distributions. Finally, when training the trees, we set a local fidelity accuracy threshold of
90% on a validation set and iteratively fit trees with larger maximum depth (up to depth 10)
until one achieves this threshold. (We assume data points with local models deeper than
this will not be interpretable, so fitting deeper trees will not improve our search for the
most interpretable model.) We require at least S samples at each leaf. We use the scikit-learn
implementation® to learn the trees and perform a post-processing step that removes leaf
nodes iteratively when it does not decrease accuracy on the validation set (as in Wu et al. *°).

How sensitive are the results to these choices? In Figure A.2a, we first identify which of
our K = 250 models would be preferred by each interpretability proxy if the local regions
were determined by variance parameters set to [0.001, 0.01, 0.1] and the mixing weights set
to [0.01, 0.05, 0.1] (9 combinations). Next, for each of those 9 models, we identify what
rank it would have had among the K models if one of the other variance or weight parame-
ters had been used. Thus, a rank of 0 indicates that the model identified as the best by one
parameter setting is the same as the best model under the second setting; more generally a
rank of 7 indicates that the best model by one parameter setting is the 7-best model under
the second setting. The generally low ranks in the figure indicate agreement amongst the

different choices for local parameter settings. The highest mismatch values for the number
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of nodes proxy all correspond to the variance scaling factor 0.1 (which we do not use).

Do we need more points to estimate model rank correctly for any of these region set-
tings? We find the best model(s) by each proxy, then we re-rank models using a small sam-
ple of points to compute the same proxy. We do this for the smallest, middle and largest
settings of the local region parameters (we do not include cross-pairs of parameters in these
results). Figure A.2b shows that different hyperparameter settings require similar numbers
of input samples x to robustly approximate the integral for p(M) in equation 3.4 for a vari-

ety of interpretability proxies substituted for HIS.

A.4 EXPERIMENTAL DETAILS: HUMAN SUBJECT EXPERIMENTS

In our experiments, we needed to sample input points x to approximate the prior p(M)

in equations 3.2 and 3.4. For globally interpretable models, we ask users about the same
data points across all models to reduce variance. In the locally interpretable case, we would
only conduct user studies for points near the boundary (in B(A/)) and would thus sam-
ple points specific to each model’s boundary. Each quiz contained 8 or 16 questions per
model (8 for the pipeline experiments, 16 for the Amazon Turk experiments), with the or-
der randomized across participants. There was also an initial set of 3 practice questions. If
the participant answered these correctly, we allowed them to move directly to the quiz. If
they did not, we gave them an additional set of 3 practice questions. We excluded people
who answered fewer than 3 of each set of practice questions correctly from the Amazon

Mechanical Turk experiments.
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The Flowchart:
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(a) An example of our interface with a tree trained on the
census dataset with the fewest non-zero features. In our
experiments, we show people a decision tree explanation
and a data point including only the features that appear
in the tree. We then ask them to simulate the prediction
according to the explanation.
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(b) We asked a single user to take the same quiz 10 times
to measure the effect of repetition on response time. The
difference in mean response time between the first and
last quiz is around 2 seconds. The y-axis scale is the same
as that in 3.4a so the magnitude of the learning effect can
be directly compared to the magnitude of the differences
between models in our experiment.

Figure A.3: Interface and learning effect

EXPERIMENTS WITH MACHINE LEARNING GRADUATE STUDENTS AND POSTDOCS

For the full pipeline experiment, models were chosen sequentially based on the subjects’
responses. We collected responses from 7 subjects for each model in the experiment with
the census dataset, and from 9 subjects for each model with the mushroom dataset.” Accu-
racies were all above 85%. We ran 10 iterations of the algorithm, each a quiz consisting of

8 questions about one model, and two evaluations at the end of the same format. We used
the mean response time across users to determine p(A1). We did not exclude responses, and
participants were compensated for their participation. Using the same set of subjects across
all of these experiments substantially reduced response variance, although the smaller total

number of subjects means we did not see statistically significant differences in our results.

"We recorded 2 extra responses for iteration number 4, and 2 fewer responses for iteration number 5 in
the census experiment, and 1 extra response in iteration number 3 for the mushroom experiment due to a
technical error discovered after the experiment, but we do not believe these affected our overall results. (Extra
responses are from the same set of participants.)
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EXPERIMENTS WITH AMAZON MECHANICAL TURK ~We had initially hoped to use
Amazon Mechanical Turk for our interpretability experiments. Here, we were forced to
use a between-subjects design (unlike above), because it would be challenging to repeat-
edly contact previous participants to take additional quizzes as we chose models to evaluate
based on the acquisition function.

In pilot studies, we collected 33 and 24 responses for the two models selected by the
pipeline (the first had a medium mean path length, and the second had a high mean path
length), after excluding people who did not get one of the two sets of practice questions
right, or who took less than S seconds or more than 5 minutes for any of the questions on
the quiz. The majority of respondents were between 18 and 34. We asked participants 16
questions with a 30 second break halfway through. We paid them $2 for completing the
quiz.

The first model, which had a medium mean path length, had a mean time of 31.62s
(28.61s - 34.63s), and a median time of 26.86s (23.09s - 30.63s) (standard error and me-
dian standard error in parentheses respectively). The second model with a high mean path
length had a mean response time of 30.94s (28.66s - 33.22s), and a median response time
0f 30.32s (27.47s - 33.17s). These intervals are clearly overlapping. We could gather more
samples to reduce the variance, but cost grows quickly; running one experiment with the

end-to-end pipeline with these sample sizes would have cost around $1, 000.
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Method 2: Optimizing Models for

Human-Concept-Alignment

B.1 DATASET

B.1.1 ToypAaTa

We generated the toy dataset with 10,000 instances and split it 60%/20%/20% train, valid,
test. The pairs of correlated features were generated by first sampling a binary random vari-
able ~ Bernoulli(o.25), then for each of the 2 correlated features, flipping the variable with

p=o0.05. Labels were generated using the model described in Figure 4.2

B.1.2 REAL DATASETS

We used the Yelp dataset” from the Yelp dataset challenge. To process the data, we kept
restaurants with at least 5 reviews, and used a bag of words feature representation, count-
ing the number of times each word appears in all associated reviews for a restaurant. We
then labeled as positive examples restaurants with star ratings > 4, and as negative examples
restaurants with star ratings < 2, and subsampled the positive class to generate a class-
balanced dataset. The words that we kept in the feature vectors occurred in reviews for be-

tween 10% and 25% of restaurants, allowing us to find features that were common enough

“https://www.yelp.com/dataset



to be useful predictors, but not so common that they were used for most restaurants.

We used a dataset of patients from 2 New England hospitals with at least 1t MDD diag-
nosis (ICDg codes 296.2x, 296.3x) or depressive disorder not otherwise specified (311), and
without codes for schizophrenia, bipolar, and typical antipsychotics. Our prediction task
was to determine whether the patient will be prescribed an atypical antipsychotic (Olan-
zapine, Quetiapine, Risperidone, Lurasidone, Aripiprazole, Brexpiprazole, Ziprasidone)
within the year after their index antidepressant prescription. We subsampled negative ex-
amples to class balance the dataset. Feature vectors consist of counts of how often each
ICDg, procedure and medication code are recorded for the patient in the 2 years preceding
the index antidepressant prescription. We exclude codes that occur for less than 1% of pa-
tients since there is a long tail of these codes that will not be highly predictive since they are
recorded for few patients. We additionally remove numerical features from the dataset (pa-
tient age and date), and gender markers. We do this so we can use gender as a concept in our
simulation studies that must be defined through proxies rather than through the recorded
marker. In a real, clinical application, these features would be included in the dataset.

Ground Truth Concept Definitions. We defined a set of concepts and ground truth
features associated with each concept. The concepts and features were generated by the
first author, including input from domain experts in the Psych domain. Concepts were
chosen to be reasonably predictive, and seed features were selected to be representative of
the concept (based on the judgment of the first author, who compiled these lists of features
associated with each concept). At each restart, concepts are seeded with one bolded term
from each concept, such that f generated with the seed features had large enough concept

weights for each concept that adding new features to the concept definition affected the



accuracy (this was sometimes not the case when a concept was seeded with a term that was
irrelevant to the prediction task). Several features were excluded when they frequently lead
to this condition being violated, suggesting that these were not predictive seed features.

In practice, one would validate the predictiveness of the concepts and seed features before
running this approach, which our choice of seed features mimics.

The concepts we define in the Yelp dataset are: ‘mention of service’, ‘positive ambiance’,
and ‘positive food texture’. The associated words for each concept are listed below, with
potential seed features in bold (concepts are seeded with a randomly chosen one of these):

‘mention of service’: management, manager, server, waiter, waitress, employee, hostess,
cashier, bartender, orders, ordering, servers, register, refill, serves, serve, waitresses, refills,
refill, managers, reservation, reservations, services, waiters

‘positive ambiance’: cozy, ambience, ambiance, welcoming, casual, friendly, music,
modern, neighborhood, atmosphere, comfortable, quaint, vibe, comfort, comfortable,
mood, welcome

‘positive food texture’: tender, crispy, crisp, juicy, creamy, moist, crunchy, fluffy, crunch

The concepts we define for the Psych dataset are: ‘anxiety’ , ‘gender-female’, ‘hospital-
ed’ (hospitalization/emergency department visit) , ‘addiction’. The associated featuress for
each concept are listed below, with potential seed features in bold:

‘anxiety’: 30002, 30000, 30001, 7992, 3003, ’XNOrmM:2598, rxnorm:s96, rxnorm:647o,
rXnorm:23s3, r’Xnorm:3322, rxnorm:7781

‘gender-female’: v242, ¢76801, c59051, c58100, 76830, c76815, 76816, 6260, IXNOrM:214559,
v7610, 7210, 650, c76819, rxnorm:6691, c88142, c88141, v221, C59409, 6271, p7569,

6262, 64893, 6264, V103, 2189, p7534, C76805, v222, V7611, 6160, C59400, c81025,



c82105, ¢76645, rXnorm:4100, 61610, V7231, V270, 76811, vi63, rxnorm:214558, c88174,
drg:373, 6202, rxnorm:384410, rxnorm:6373, ¢§9025, 6253, c88175, 1749, 6221, 6259,
6268, 6272, 6289, 79380, 7950, 79500, 76090, 76091, 76092, C77057, V7612, V762,
c82670, 65963, rXNnOrm:324044, 84146, v220, rxnorm:4083, c76817

‘hospital-ed’: €99232, 99231, 99222, €99233, 99238, 99223, c99282, c99285, c99284,
€99283, 99281, €99239, C99253, 99219, c99218, c99221, ZINPATIENT, c9925 4,
€99252

‘addiction’: 30400, c80100, 3051, 30500, 29181, 30390, 30590, C8205 5, 30490, IXNOrm:6813,
rxnorm:7407, c801o1, vi§82

Codes starting with ‘¢’ are CPT codes, codes starting with ‘rxnorm’ are medication

codes, and the rest are ICD9 codes.

B.2 HYPERPARAMETERS

B.2.1 Our ArPrOAcCH

We train f'using the scikit-learn implementation of logistic regression with no regulariza-

tion term 5%,

B.2.2 INTERACTIVE CONCEPT-LEARNING BASELINES

For both interactive concept-learning baselines, we train the same f(unregularized logis-
tic regression implemented in scikit-learn’®) as we do for our method. We use the concept
probabilities directly in the downstream classification. This gives these approaches an ad-
vantage over our model and makes them slightly less interpretable, since our concepts are

always constrained to be in {0, 1}.
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Concept Classifiers Inspired by Amershi et al. ?, we tune a set of concept-classifiers us-
ing concept labels, where the classifiers are l1-penalized logistic regressions so as to be simu-
latable. We request labels for the example that most improves the downstream accuracy of
the model after retraining from a random subset of examples (while we use ground-truth
concept labels in our simulation experiments, these would need to be estimated in prac-
tice). We search over a random subset of 100 examples to consider labeling. While search-
ing over more examples will likely improve performance of the approach, it also increases
the running time, which can seriously impact user experience in an interactive system. We
generate the initial set of labels for each concept by labeling as positive examples of the con-
cept all examples that have the seed term for the concept and randomly choosing 1 nega-
tive example of the concept to label. This gives the approach a roughly equivalent starting
amount of information to our approach, which requires a seed term.

To determine the weight of the I1 regularization, we do grid search over a set of values to
find the weight that produces final concept models with approximately the same number
of features as our method has features associated with any concept. In practice, we search
over values in the range .01 to 0.1 (after predetermining that the weight lies in this range),
taking steps of size 0.o01. We z-score the features before using this approach.

Topic Model We also compare to the method in Lund et al. #7 that tunes supervised
topics through a set of curated anchor words to use in downstream prediction tasks. To
make the interactions comparable to our approach, we propose a new anchor word as the
highest probability word for the topic that is not already an anchor word, or a downstream
label. We add rejected proposals to a set of “irrelevant concepts” not used in prediction

since topic models must model all of the data—a feature not shared by our approach.
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We run two variants of the topic-model approach in our experiments that create the “ir-
relevant topics” in two ways: in the first variant, we seed the model with s times as many
non-concept-related topics as concept-related topics. We start with 1 topic for each con-
cept, and each time we reject a term, we create a new topic with that word as the anchor
word. Before adding rejected features to a new concept, we verify that they do not belong
to the lists of related features for any other concepts. If they do, we ignore them since we do
not want to prevent them from being suggested for the correct topic (although this would
not be doable in practice). We call this TM, and report these results in the main body of the
paper; they are better than TM-2.

In the 2nd variant, TM-2, we generate anchor words for these by, for each new topic,
taking the word that is the furthest from the existing anchor words using the Jaccard dis-
tance metric. We then assign rejected words to these topics by taking the topic with the
closest anchor word to the rejected word based on Jaccard distance. These two variations al-
low us to explore whether pre-seeding the model with these “irrelevant topics” and allowing
it to learn topics that more accurately correspond to our desired concepts from the begin-
ning, or if creating “irrelevant topics” to specifically capture things that may be confused
with our desired concepts is more effective. For both variants, we use 5 * Cirrelevant topics.

We infer the topics by drawing a small number samples (specifically 10) of the topic vec-
tors as suggested in Lund et al. *° and computing probabilities by normalizing. We then
binarize these to compute concept accuracy by taking all topics where the probability is
greater than o.1 for the document as 1 and the other topics as o. Note that we train the lo-
gistic regression model for downstream prediction only on the topics that correspond to

our desired concepts.
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B.2.3 NON-INTERACTIVE BASELINES

The random forest model has 200 estimators, and we tune the maximum depth of the trees
over the range [5, 10, 25, 50,100, None| using s-fold cross validation. The neural network
has 1-hidden layer with the same number of hidden nodes as our approach has concepts—
this is the comparable architecture to our approach. We use a sigmoid activation function
and ADAM as an optimizer, and search over step sizes from [0.001, 0.01, 0.1, 1.] using
s-fold cross-validation. We use batch size 32 and run it for 1000 iterations. For LR, we
choose the I1-penalty that produces the closest number of non-zero coefficients to C (the
number of concepts). We search over values in the range o.0001 to 1., taking steps of size
0.0001 between o0.0001 and 0.001, of size 0.001 between o0.001 and o.01, etc.

We z-score the features before using any of these approaches. We trained the random

forest model, and the logistic regression models using the scikit-learn implementations**.

B.3 REsuLTs
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Figure B.1: Downstream vs. concept accuracy on the test set for our proposed variant, the pred variant, and the intuit
variant, as well as the number of accepted proposals made by each variant for 20 random restarts. Our variant works
best by all metrics, followed by pred, then intuit.

Toy Example: Our approach achieves perfect downstream and concept accuracy

while pred and intuit do not. Figure B.1 shows the downstream accuracy plotted against
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Figure B.2: Number of positive concept labels in test set by number of proposals for our method. Yelp on left, psych on
right. The number of positive concept labels substantially increases suggesting our method expands coverage.

Yelp Psych
Variant | Downstream  Concept | Downstream  Concept

HTM-Z ‘ 0.71F0.01 0.61F+0.01| 0.61F0.00 o.64:|:o.ooH

Table B.1: Downstream accuracy and concept accuracy =+ standard errors for the TM-2 variation of the anchor topic
modeling baseline. These results are worse than the TM variant reported in the main text.
the concept accuracy as well as the number of accepted features for the pred, intuit and
our proposed variant in the toy example. Our method works best, achieving perfect down-
stream and concept accuracy in 4 proposals per concept, followed by pred, then intuit.
Each random restart corresponds to re-sampling the dataset and re-running the algorithms.
Inclusion and Coverage: Our approach increases positive concept labels substan-
tially, implying improved coverage. Figure B.2 shows the number of positive concept
labels by number of user interactions from the experiment above. In both domains, the
number of positive concept labels grows substantially, and more than doubles from the
seed features in the Psych domain. This has implications for fairness and robustness as it al-
lows for multiple synonymous ways of coding for different concepts that capture different

instances. In our model, these can all be recognized instead of relying on a single common
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coding as would likely be the case in a model constrained only to be sparse (without con-
cepts, like LR).

The TM-2 variant has worse performance than TM. Results for the second variation
of TM are in Table B.1. Across the board, these are the same or worse than the TM results

reported in Table 4.1, so we only compare TM to our approach.
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Method 3: Optimizing Elicitation of

Human Context at Test-Iime

C.1 ReaL DATA EXPERIMENTS

C.1.1 HYPERPARAMETERS

We implement all logistic regression models using the scikit-learn package’”. We used a
multinomial loss, the SAGA solver and we set the maximum number of iterations to 5000.
In our hyperparameter search for the real data experiments, we searched over penalties:
[I1, I2 and none], inverse regularization strengths [ 0.01, 0.1, 1., 10. , 100. ], and class
weighting schemes [none, balanced]. We set B = 10. For the entropy selection approach,
we set the number of Monte Carlo samples.S = 5000 so as to minimize this source of
approximation error. For the models used in the entropy method to model fand p(+”|x™),
we do not search over balanced class weights as this causes challenges with calibration—
something that is important for this method because it depends on accurately estimating
probabilities.

We perform hyperparameter selection based on maximizing f1-score (the metric we re-
port) on the validation set, except in the case of the models for p(x”|x™ ), where log-loss is
minimized instead. This is to encourage those models to accurately model the probability

distribution they approximate. For the feature selection models, we chose the hyperparam-
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eters once based on the machine features rather than re-optimizing them for each possible

choice of features to select.

C.1.2 DATA PREPROCESSING

We preprocess the recipe dataset by removing instances without labels, then subsampling
15% of the remaining instances, maintaining overall label distribution, for computational
reasons. We then removed features with positive values for less than 100 instances. For the
birds dataset, we use the coarse class labels, and remove instances with infrequent class la-
bels, recorded for less than 5o instances. We then binarize features values at o.5 (features
are recorded as the fraction of agreement on MTurk responses about whether the feature is
present in the image), and removed features with positive values for less than 100 instances.
2

We split the data, class-balancing labels, into train/validation/test sets of sizes 5 é, %

instances respectively.

C.1.3 AbpDITIONAL RESULTS

IN THE BIRDS DATASET, A FOLLOW-UP EXPERIMENT SHOWS THAT DOING A ROUND

OF GLOBAL FEATURE SELECTION, THEN RUNNING THE ENTROPY-SELECTION METHOD
CAN INCREASE THE PERFORMANCE OF THIS METHOD RELATIVE TO THE FEATURE SE-
LECTION BASELINE.  Figure C.1 shows the results of a follow-up experiment where we
added the first 6 features selected by feature-selection to the machine feature set for the birds
data, and re-ran all 3 approaches for 10 additional queries. This includes only 5 random
restarts. Here, we see that entropy-selection and entropy-refit perform similarly for the first 4-

s queries, then substantially outperform feature-selection with an fi-score of 0.69 vs. 0.65.
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Figure C.1: Test f1-score on birds as a function of B after adding first 6 feature-selection queries to machine features
and re-running. Error bars are standard errors from 5 random restarts. By query 6, both entropy methods substantially
outperform feature-selection.

This suggests several things: 1) the re-training heuristic is useful for boosting performance
in at least some cases, 2) even without the retraining heuristic, entropy-selection is usetul,
at least eventually, and 3) for some datasets, individualized feature queries are useful im-
mediately, while for others, they may be more useful after querying an initial set of shared
features.

The late improvement of the entropy based methods over feature selection in birds sug-
gest there may be cases where a combination of instance-specific and global human fea-
ture queries can be useful. Our proposed entropy-retrain method still performs as well as
feature-selection, but there may be benefits to recording the same features for all instances,
including using this information to update p(x”|x™). Future work could explore heuristics
for identifying when a dataset would benefit from an initial round of global human feature

collection, and when it would directly benefit from an instance-specific approach.
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C.2 Toy ExaAMPLE

We demonstrate the entropy selection approach on a pedagogical toy example where im-
portant human features with high uncertainty can be predicted from the machine fea-
tures. If the important human features were fully predictable from the machine features,
they would be unnecessary for classification, and if they were not predictable at all, our ap-

proach would not work.

C.2.1 DATA GENERATION

We generate a dataset with 10 human features, 20 machine features, and sooo instances
where each of the human features has a corresponding, unique machine feature that, when
activated, corresponds to the value of the human feature being highly uncertain. In all
other cases, the human features are highly unlikely to be activated for an instance. Exactly
one of these machine features is activated for each instance. The remaining 10 machine fea-
tures are uncorrelated with the human features, and are activated with p = 0.5. Labels are
then sampled from a linear regression model with randomly generated weights where the
paired human and machine features have relatively higher weights than the other machine

features, as they are sparser.

GENERATING X”  We construct p(x”|x™) so the machine features tell us which human
features may be positive without giving us too much information about x;,. For each di-
mension of x;, we set the weights of the corresponding logistic regression model to pre-
dict p(xy|%™) so that exactly 1 dimension, 4’ randomly sampled from € {1, ..., D, }, has

weight 4.5 + ¢, and all other dimensions have weight ¢ ~ N(0, 0.01). We set the bias term
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w§ = —4.5 + ¢ This has the effect thatif &’} = 1, p(¥)} = 1is approximately 0.5, and
otherwise it is low. We construct the probability distribution for each dimension of X% in
this way, sampling 4’ without replacement. To generate the dataset, we sample X” from this

distribution, after first sampling X as described below.

GENERATING X”  We define a sampling procedure for X”* so that each instance has a
single human feature that may be positive (and those should be different for difterent in-
stances). We achieve this by setting exactly 1 of the sampled d’ used in the previous step

to be set to 1 for each instance. For the remaining features not in the set of sampled d’, we
sample them with p = 0.5. Since each human feature has a distinct &’ that signals it may
be positive, sampling exactly one of these guarantees that the probability of the human fea-

tures being on will only be high (around 50%) for 1 human feature.

GENERATING Y Finally, to generate Y from the sampled X, we generate the weights of
alogistic regression model as follows, then sample Y from the probability distribution
p(Y1X) defined by this model. We do this so the human features are important when they
are positive. To achieve this, we set each weight for the human features to either 3 + ¢, or -3
+ ¢ with equal probability (this makes it so sometimes the human features make the label
more likely to be positive, and sometimes more likely to be negative) where ¢’ ~ N(0, 0.1).
We also set the weights of the machine feature indices selected in step 1 as 4’ in the same
way. For the remaining dimensions of X™, we sample weights at either 1 + £ or —1 + £s0
they still influence the prediction, but to a lesser degree. This is to balance the fact that each
instance is likely to have multiple of these dimensions that are positive vs. a single one of the

other 2 sets of dimensions, and we don’t want any one set to dominate the prediction. We
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Figure C.2: Test f1-score as a function of B for our propsed method, as well as baselines and upper bound. As expected,
all-features performs best with f1-score around 0.88 and machine-only performs worst with f1-score around 0.815.
entropy-selection performs almost as well as the upper bound from the first query with f1-score around 0.87, but feature-
selection only begins to approach this performance after all 5 queries, with f1-score around 0.86.

set the bias to o. We repeat this procedure until the labels are approximately class balanced,

with mean between 0.4 and 0.6.

C.2.2 EXPERIMENT

HyPERPARAMETERS ~ We split the data, class-balancing labels, into train/validation/test

set of sizes %, 1, £ of the instances respectively. We set the hyperparameters to penalty:

11
676
none, class weighting: none, and B = S. Aside from these, we use identical hyperparam-

eter settings to those described in the main paper.

RESULTS: OUR APPROACH REACHES NEAR-OPTIMAL PERFORMANCE QUICKLY, WHILE
STANDARD FEATURE SELECTION IMPROVES MUCH MORE SLOWLY.  Figure C.2 shows
the results, averaged over 10 random restarts, of our method compared to feature selec-
tion, the full set of features, and the machine features with a budget of 5 queries. The error

bars denote standard deviations. all-features performs best with f1-score of 0.88, while
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machine-only performs worst with f1-score around 0.815. entropy-selection performs only
slightly worse than a//-features from the first query, with an f1-score around o.87. This
makes sense, as the dataset was generated so that exactly 1 human feature is both uncertain
and impactful for each instance, and as such, is important to query. feature-selection has a
worse starting f1-score, around 0.83, and is unable to match the performance of all-features
within the 5 queries. It only achieves f1-score of around 0.86 by the end. This suggests that
our proposed method works to identify features that are both impactful for predictive per-

formance, and can also be only be imperfectly predicted from the machine features.

C.3 ADDITIONAL QUALITATIVE RESULTS

SENSIBLE CORRELATIONS BETWEEN MACHINE FEATURES AND HUMAN FEATURE QUERIES
IN THE RECIPE DOMAIN SUGGEST REASONS FOR PERFORMANCE IMPROVEMENTS FROM
INDIVIDUALIZED FEATURE QUERIES.  Figure C.3 shows a heatmap of the probability a
specific human feature (y-axis) will be queried using entropy-selection given that a specific
machine feature (x-axis) is observed for the instance (computed on the test set for 1 ran-
domly chosen random restart). Strong relationships between sensible ingredient pairings
include “cucumber” and “rice vinegar”, which makes sense because the ingredients com-
monly co-occur in various east Asian cuisines but “cucumber” is more widely used, and
“turmeric” and “garam masala,” which makes sense because again, “turmeric” can be used

in various cuisines, but the 2 ingredients frequently co-occur in Indian cuisine. This sug-

gests the entropy-selection queries are sensibly informed by the machine features.
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Figure C.3: Probability of querying a human feature (y-axis, top 20 sorted by # times queried) given a machine feature

(x-axis) in the instance in recipe. Computed on test set for randomly chosen restart. “cucumber’
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'garam masala” associations are sensible.
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Machine features: garlic, salt, onions, sugar
Predictions: Mexican 19%, Italian 15%, Indian 14%

Instance 1: Italian / \Jnstance 2: Chinese

Queried human features: soy sauce, ground cumin, Queried human features: soy sauce, black pepper, cayenne
garam masala, olive oil, fresh ginger, sesame oil, fresh pepper, ground cumin, garam masala, ground coriander,
cilantro, ground coriander, fish sauce, coconut milk lime juice, fish sauce, diced tomatoes, coconut milk

I Predictions: Italian 26%, Mexican 18%, Brazilian 6% I I Predictions: Chinese 29%, Filipino 15%, Vietnamese 13% I

Figure C.4: Original predictions, human features queried-underlined when positive, and updated predictions for 2 test
instances from a randomly chosen restart with identical machine features. Informative human features including “soy
sauce” and “olive oil” help to disambiguate predictions.

AN ILLUSTRATIVE EXAMPLE DEMONSTRATES HOW DIFFERENT QUERIED HUMAN FEA-
TURE VALUES CAN CAUSE THE PREDICTIONS FOR 2 INSTANCES WITH IDENTICAL MA-
CHINE FEATURES TO DIVERGE TO CORRECT PREDICTIONS. We examine in Figure C.4
how the predicted probabilities change after 10 feature queries for 2 test instances with
identical machine features but different labels. While both start with Mexican cuisine as
the most likely prediction, after discovering that instance 1 contains olive oil and does not
contain many other distinctive ingredients including fish sauce and garam masala, the pre-
diction correctly changes to Italian. For instance 2, the presence of soy sauce and the ab-
sence of many other features correctly changes the prediction to Chinese cuisine. Note that
the queries are not identical because they depend on the values of queried human features.
This example illustrates how the instance-specific human feature queries can help disam-

biguate the labels of otherwise similar instances.
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